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Sight recognizes visible objects and it perceives many of them and

of the visible properties by recognition. Thus it recognizes a man to

be a man, and a horse to be a horse and Zayd himself to be Zayd, if

it has seen them previously and remembers having seen them.

Recognition may be of an individual object or of a species. Recog-

nition of an individual object occurs as a result of likening the form of

the visible object which the sight perceives at the time of recognition

to the form it has formerly perceived of it. Recognition of a species

occurs as a result of likening the form of the visible object to that of

similar individuals of the same species which the sight has formerly

perceived.

When sight perceives a form of which it has previously had percep-

tion, or of forms like it, it will immediately perceive what the form is

in consequence of its perception of some of the features in that form,

if it remembers its former perception of that form or of those like it.

So, that which is perceived by recognition is perceived by signs, but

not everything perceived by inference is perceived by signs.

– Abu Ali al-Hasan ibn al-Haytham (965–1040 AD)

The Book of Optics: On Direct Vision - Book II. On The Visible Properties, Their Causes

And The Manner of Their Perception
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Summary

The expansion of space activities, including the deployment of CubeSats and low-cost satel-

lites, is transforming our interaction with space and enhancing applications such as remote

sensing, navigation, and telecommunication. However, this growth has led to an increase in

satellites and debris, raising collision risks in Earth’s crowded orbits and questioning the sus-

tainability of space utilization. In response, space agencies have focused on mitigating these

risks through Active Debris Removal (ADR) and extending satellite lifespans via On-Orbit

Servicing (OOS). A key challenge in these initiatives is the safe approach and capture of non-

cooperative debris, requiring precise determination of their position and orientation (pose)

relative to servicing spacecraft. Recent missions have begun integrating passive monocular

cameras to improve the accuracy and reliability of navigation systems, directly informing the

focus of this thesis.

This thesis explores the application of machine learning in enhancing visual tasks criti-

cal for Space Situational Awareness (SSA), focusing on the development and evaluation of

monocular vision-based pose estimation systems. It specifically focuses on the use of direct

end-to-end learning approaches over hybrid modular approaches, highlighting their potential

to enhance SSA operations.

Addressing the challenge of improving accuracy in direct pose estimation, we introduce

the use of Group Equivariant Convolutional Neural Networks (G-CNNs). Our contribution

leverages G-CNNs to enable a more e�ective capture of spatial and geometric information crit-

ical for estimating relative and absolute pose estimation . Our method surpasses traditional

CNNs in handling the complex geometries of space objects. This enhances space situational
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awareness with more accurate pose estimation, crucial for space safety and sustainability,

while also reducing model sizes for greater computational e�ciency.

To address the unique challenges of the space environment, this thesis develops vision

models that maintain robustness against appearance variations while being sensitive to geo-

metric transformations. Through self-supervised learning, it constructs image representation

that are invariant to appearance changes while being sensitive to geometric transformations.

Independent of human-annotated data, this methodology is e�ective for visual place recogni-

tion across diverse conditions, underscoring its potential for broad application beyond space

navigation.

Additionally, a novel method for estimating 3D trajectories of space objects from single

RGB camera footage is introduced. This approach is vital for Space SSA, ADR, and OOS

missions. It enhances precision and stability in trajectory estimates by integrating temporal

data. This improvement is an important step forward in spatial tracking for SSA missions.

Finally, we contribute to the field by curating a specialized dataset aimed at training deep

learning-based computer vision models specifically designed to tackle SSA challenges.

Highlights our role in initiating the SPARK competition, aimed at advancing research

and innovation in space target recognition and detection. This competition not only guided

the development of several datasets but also o�ered a practical application framework for

evaluating the performance of models trained on this dataset.

By interweaving these studies, this thesis presents a narrative that encapsulates the press-

ing need for advanced machine-learning solutions in the face of the intricate challenges posed

by space exploration and monitoring.
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Chapter 1

Introduction and Motivation

The frequency of satellite launches has significantly increased in recent years. Driven by a

diverse range of missions, each satellite is characterized by specific size, functionalities, and

lifespan [1, 2]. While this increase in satellite deployment advances global communications

and research, it also presents significant challenges.

Despite being meticulously designed for their intended mission duration, satellites are

vulnerable to unexpected anomalies and malfunctions. These unforeseen issues can abruptly

convert active satellites into hazards, threatening the integrity of the existing orbital ecosys-

tem. Moreover, the hostile space environment, characterized by extreme temperatures and

illumination conditions, radiation, and high-velocity debris, further worsen these challenges,

turning operational di�culties into critical concerns that demand prompt and e�ective solu-

tions.

In this context, there is an emerging and critical demand for specialized orbital missions,

particularly focused on On-Orbit Servicing (OOS) [4] and Active Debris Removal (ADR) [5].

These missions are pivotal for maintaining space safety and sustainability. OOS missions en-

compass a range of activities, including in-space inspection, repair, and satellite maintenance.

They o�er commercial applications ranging from extending satellite lifespans to assisting in

extravehicular activities [4].

Simultaneously, ADR missions are strategically implemented to mitigate space debris by re-

moving non-functional objects from orbit, as depicted in Figure 1.1. Such interventions are
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Figure 1.1: Image from ESA’s Space Environment Report 2022 [3]. [PL = Payload (usually
one or many satellites that a rocket launches to space); PF = Payload Fragmentation Debris;
PD = Payload Debris; PM = Payload Mission Related Object; RB = Rocket Body; RF =
Rocket Fragmentation Debris; RD = Rocket Debris; RM = Rocket Mission Related Object;
UI = Unidentified.]

critical for lowering the probability of in-orbit collisions, which in turn curtails the potential

for severe and potentially exponential escalations in space debris, as described in [5].

The advancement and successful implementation of such missions are not just theoretical

concepts. Several successful technology demonstrations have already been executed, like the

PROBA-3 [6] by the European Space Agency (ESA) and commercial missions like MEV-1 [7]

by Northrop Grumman. Furthermore, future endeavours like Clearspace-1 [8] are currently in

development, poised to further contribute to this rapidly evolving field of space technology.

These missions are primarily focused on the disposal or maintenance of defunct or non-

operational space entities, known as target, using operational spacecraft, termed chaser.

A fundamental task in these missions is the accurate determination of the target’s pose -

i.e. position and orientation - relative to the chaser. This challenge is intensified in ADR/OOS

missions where the target can be uncooperative, which may lack navigational aids such as

visual markers or LEDs and are sometimes completely non-functional, as referenced in [9]. In

contrast, missions involving cooperative objects typically feature targets equipped with such

navigational aids, facilitating the tracking and approach process.
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For pose estimation, several sensors may be available, including Monocular RGB/Greyscale

Cameras, Stereo Cameras, Thermal Cameras, RADAR, and LiDAR. Monocular cameras are

of particular interest due to their compact size, low power consumption, and ease of integra-

tion. However, most mission plans and technology demonstrations tend to combine single

and stereo cameras with LiDAR to address the limitations of using a monocular camera

exclusively. Despite these challenges, the proven e�ectiveness of monocular systems in terres-

trial applications has driven significant research into their use for cost-e�ective ADR/OOS

missions [10].

Missions like AVANTI [11] and RemoveDEBRIS [12] have provided valuable flight results

for autonomous navigation systems relying on monocular cameras, underscoring the necessity

of enhancing the resilience of these systems for the success of ADR and OOS missions. Thus,

there is an urgent need for innovation in autonomous navigation technologies to improve

safety, precision, and reliability.

1.1 On-Orbit Servicing Technology

The concept of OOS is rooted in the space race’s early days. The initiative began in 1959

when the United States Air Force launched the Space Logistics, Operations, Maintenance,

and Rescue (SLOMAR) [13] an illustration of the proposed spacecraft is shown in Figure

(1.2). This pioneering investigations aimed at developing designs for human-crewed space-

craft that could support military space stations. As part of the broader ’Space Development

Planning Study’ by the USAF, encompassing ten diverse studies, SLOMAR was a signifi-

cant step towards advanced space capabilities. They covered various topics, from satellite

interception and global surveillance to developing recoverable space launch vehicles and lunar

missions. OOS missions, integral to space operations today, primarily focus on disposing or

servicing defunct or non-operational space entities (referred to as targets) using operational

service spacecraft referred to as chaser. With the escalating value and intricacy of orbital

assets and the pressing challenge of orbital debris, autonomous OOS capabilities are becom-

ing increasingly imperative. Autonomous systems are essential for enhancing operational
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Figure 1.2: A one-man SPACE TUG is one of the vehicles being studied by The Martin
Company SLOMAR team [13]. A large space station would be assembled in orbit by a man
in the tug using remotely controlled power tools and manipulators.

safety, e�ciency, and the sustainability of the space environment. They facilitate intricate

servicing missions without the extensive risks and costs associated with human spaceflight.

The foundational ideas conceptualized in programs like SLOMAR have evolved, paving the

way for the current need for autonomous OOS operations that can independently manage

the complexities of modern space servicing tasks. These would enable more e�cient, safe,

and sustainable space operations, as they navigate the intricate processes involved in ser-

vicing missions. The structure of these missions, marks a progression from the foundational

concepts of SLOMAR to the sophisticated, autonomous systems needed today, identified by

Colmenarejo et al. in [14]:

• Phasing: During this initial stage, the chaser spacecraft calculates the target’s orbital

details and adjusts its own orbital path to match that of the target.

• Approach: This intermediate stage sees the chaser drawing closer to the target from

distances of several kilometers to a few meters, undertaking various proximity ma-
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neuvers like orbiting around the target, performing inspections, and executing precise

approach techniques. Should the target be spinning, this stage culminates with the

chaser either stabilizing the target’s rotation or synchronizing its movement to match

the target’s rotational axis.

• Capture: The final stage involves the physical securing of the target by the chaser,

which can be through a solid or flexible link. The subsequent action, whether it is

removing the target from orbit (ADR) or providing maintenance (OOS), depends on

the primary mission goal.

While the phasing stage involves direct maneuvers to align orbits and may include ground-

controlled operations, the subsequent approach and capture/refueling stages are predomi-

nantly governed by the relative movements of the chaser and the target. These stages typ-

ically require advanced autonomous guidance, navigation, and control (GNC) capabilities,

highlighting the complexity and precision required in modern space missions.

1.2 Vision-Based Spacecraft Pose Estimation

The integration of autonomous systems in ADR and OOS missions is increasingly essential

due to the complex nature of space operations. During these missions, the role of the chaser

spacecraft becomes critical, especially when engaging with space objects that require disposal

or maintenance. The approach phase, where the chaser aligns itself with a rapidly moving

target for the capture phase, presents a significant challenge due to the need for precise and

safe maneuvering.

Challenges arise from delays in ground-controlled operations and the limited availability

of ground stations, which can impede tasks required for close-range operations. Consequently,

there is an escalating demand for autonomous navigation systems that enhance current op-

erational standards, ensuring approaches are executed with utmost safety, accuracy, and

reliability, all within the limits of available computing resources [15].

Estimating the relative pose of a spacecraft consists of calculating the position and atti-

tude of a target spacecraft in relation to a chaser spacecraft based on direct measurements
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Figure 1.3: An illustration of a chaser spacecraft employing tracking and monitoring systems
to assess the relative position and orientation of a target spacecraft.

from one or more sensors, as illustrated in Figure (1.4). Optical sensors used for this pur-

pose can be categorized into active and passive types. Active sensors, such as LiDAR and

Time-Of-Flight (TOF) cameras, emit their own light source, whereas passive sensors, like

monocular and stereo cameras, rely on existing ambient light. In the realm of spacecraft

relative navigation, Electro-Optical (EO) sensors, particularly stereo cameras [16, 17] and

LiDAR [18], are frequently employed alongside monocular cameras. This combination helps

to overcome the limitations in range information inherent to single monocular cameras.

Pose estimation systems using monocular cameras are gaining popularity over those with

active sensors or stereo cameras, primarily due to their lower mass, energy needs, and simplic-

ity [19, 20]. Despite this, achieving a robust and precise monocular vision-based navigation

system is challenging. Extracting visual features that can be used to estimate geometric

configuration of the target is crucial in this process, demanding advanced image processing

and computer vision techniques.

Over the past decade, vision-based spacecraft pose estimation has predominantly relied
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Figure 1.4: Spacecraft Pose Estimation Illustration – In the context of spacecraft
observed through a camera, let B and C denote the body-fixed frames of the target spacecraft
and the observing camera attached to the chaser, respectively. formal statement of this
problem is to estimate the relative pose of B in relation to C. This pose is characterized
by a relative position vector tCB and a unit quaternion qBC . Here, tBC represents the
coordinates of the origin of B expressed in the frame C, and qBC denotes the quaternion that
defines the rotation required to align frame B with frame C. This elaboration mathematically
formalises the relationship between the target spacecraft and the camera in terms of their
respective body-fixed reference frames, employing both quaternion representation for relative
orientation and vector notation for relative position.

on the use of hand-engineered features, which are described with feature descriptors and

detected via feature detectors. These features are identified in 2D images, and their 3D

correspondences are utilized to ascertain the spacecraft’s relative pose [21]. Despite the

e�ectiveness of perspective transformations in facilitating the convergence of pose solutions

through feature correspondences, these hand-engineered features exhibit a lack of robustness

under the extreme lighting conditions found in space [22].

Feature-based methods for spacecraft pose estimation have struggled under the challeng-

ing conditions of space imagery, including variable lighting, low signal-to-noise ratios, high

contrast, and the intricate structures of the targets whether its symmetries of the space-

craft or low texture [19, 10]. These limitations often lead to inaccurate estimations of the

spacecraft’s state in various situations.

These extracted features are then matched with a 3D model of the target to estimate its

pose. The pose estimation system can be either model-based, utilizing a pre-existing o�ine
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3D model, or model-free, requiring on-board reconstruction of the target’s model [23].

Furthermore, it is essential to optimize the balance between computational e�ciency

and accuracy in model-based and model-free systems for their practical application in space

missions. Advancements in this field will improve the reliability and precision of monoc-

ular vision-based navigation systems and broaden their applicability to a wider range of

ADR/OOS missions.

Developing new algorithms and approaches is critical to address these challenges. This

development involves leveraging advancements in Deep Learning (DL) and Computer Vision

(CV) to train systems to identify and learn valuable features, enhancing their adaptability

to various conditions and target characteristics.

The emergence of DL techniques has significantly redefined the landscape of spacecraft

pose estimation. By moving beyond the limitations inherent in feature-based approaches,

DL has introduced a new wave of methodologies, characterized by both hybrid modular

and direct end-to-end strategies [23] which we will discuss more in the next section. This

evolution signifies a pivotal shift towards more resilient solutions adept at navigating the

unique and demanding conditions encountered in space imagery. The precise identification of

a spacecraft’s position and orientation is pivotal for the operational success of chaser missions,

encompassing tasks such as inspection, repair, or formation flying. Accurate pose estimation

is fundamental for executing close-proximity maneuvers e�ciently and safely. Additionally,

within the broader context of spacecraft operations, these accurate estimations enable the

chaser to make timely and informed decisions regarding its trajectory and adjustments, thus

facilitating autonomous engagement with the space environment and ensuring the successful

execution of mission objectives.

Hybrid Modular Approaches

Hybrid modular approaches to spacecraft pose estimation integrate multiple DL models with

classical computer vision techniques. This method consists of a sequence of distinct stages:

1. Object Detection/Localization: the first stage involves detecting the spacecraft within

the image and isolating the region of interest. This is typically achieved through DL-
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Figure 1.5: Illustration of spacecraft pose estimation methodologies. Upper) Hybrid modular
approach, which involve a three-stage process: spacecraft detection/localization, keypoint
prediction, and pose computation. The initial stages leverage deep learning, while the final
stage incorporates a classical algorithm for outlier elimination crucial to the Perspective-
n-Point (PnP) solver and subsequent pose refinement. Lower) Direct end-to-end approach
employing single deep learning model to estimate the pose.

based object detection frameworks.

2. Keypoint Prediction: once the spacecraft is localized, the next step is to predict the

2D locations of pre-defined 3D keypoints. DL models are employed to identify these

keypoints within the isolated image regions.

3. Pose Computation: the final step is computing the pose using the 2D-3D correspon-

dences of the keypoints identified in the previous stage. Classical algorithms like the

Perspective-n-Point (PnP) solver, often coupled with outlier removal techniques like

Random sample consensus (RANSAC), are used for the pose estimation.

Direct End-to-End Approaches

Direct end-to-end approaches in monocular pose estimation for spacecraft streamline the

estimation process by utilizing a singular DL model to directly derive the spacecraft’s pose

from images. This technique stands in contrast to hybrid modular approaches by foregoing
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the need for multiple processing stages or the incorporation of classical computer vision

techniques, thus o�ering a more direct and e�cient pathway to pose estimation.

Key aspects of direct end-to-end approaches include:

1. Single Model: Direct end-to-end approaches employ only one DL model to estimate

the pose, simplifying the pipeline.

2. Training Methodology: These models are trained using loss functions based on the pose

error, focusing solely on the end output.

3. Intrinsic Learning: The approach inherently learns the camera parameters during the

training process, which means it does not require external inputs like camera parameters

or a 3D model of the spacecraft, apart from the ground truth pose labels.

In this thesis, our primary focus centers on exploring and addressing the limitations in-

herent in direct end-to-end approaches for monocular pose estimation in spacecraft. While

these approaches are known for their streamlined process and e�ciency, arising from a sim-

plified pipeline, they often exhibit limitations in terms of flexibility and transparency. These

limitations can be particularly impactful in complex space mission scenarios. To enhance

these direct end-to-end methods, we propose innovative methodologies that leverage various

feature learning techniques, aiming to augment their adaptability and analytical clarity.

1.3 Features Learning for Spacecraft Pose Estimation

For spacecraft pose estimation, feature design is critical to capture specific aspects like shape,

illumination, and viewpoint variations. E�ective feature selection adheres to three core prin-

ciples, named Hoiem’s principles [24]:

1. Coverage: Features must encapsulate essential information including color, texture,

structural category, position, and surface orientation.

2. Concision: Aiming for a minimal yet comprehensive feature set enhances model ro-

bustness and generalization, bridging the gap between training and testing performance.
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3. Directness: Features should be independently predictive for simpler decision bound-

aries and improved generalization, streamlining the pose estimation process.

These principles underpin an e�ective model for accurate and reliable spacecraft pose

estimation, and will guide our research.

Equivariant and Invariant Features

In this thesis, we focus on the pivotal role of equivariant and invariant features within the

domain of deep learning for visual tasks. Equivariant features are designed to adapt to

changes in the input, whereas invariant features ensure a consistent output despite such

variations. This dynamic interplay between adaptation and consistency is crucial for the

successful execution of tasks such as object recognition and pose estimation, forming the core

focus of our investigation.

Research Objective I

The first axis of research is that the development of features that exhibit

equivariance to a wider range of geometric group transformations, holds

significant potential for enhancing the e�ectiveness of direct pose estimation

models specifically designed for space-related applications.

Historical advancements in equivariant / invariant feature development, such as Scale-

Invariant Feature Transform (SIFT) [25],Oriented and Steerable filters [26, 27], Rotation-

equivariant Fields of Experts (R-FoE) [28], and Lie groups-based filters [29, 30], have signif-

icantly contributed to understanding visual patterns through transformations.

Equivariant Features

Despite Convolution Neural Networks (CNNs) inherent translation equivariance, challenges

in encoding spatial information persist, especially with local and global pooling. Research

indicates that CNN neurons often learn similar features [31, 32]. Moreover, studies have

revealed that many neurons within CNNs tend to learn slightly altered versions of similar
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fundamental features, such as rotated forms of basic curve, textures, and line detectors,

particularly in the initial stages of vision processing [33].

Expanding CNN capabilities involves integrating broader transformation groups. For in-

stance, there have been e�orts to make CNNs equivariant to more complex transformations,

such as the special Euclidean group, using techniques like scattering transforms with prede-

fined wavelets or B-splines [34, 35, 36, 37]. Similarly, the introduction of group convolutions

has allowed networks to achieve equivariance to discrete groups through rotations and flips,

enhancing their performance in classification tasks [38].

The utilization of equivariant features in pose estimation is underscored by several essen-

tial aspects:

1. Flexibility in Handling Transformations: Equivariant models inherently adapt

to and consistently recognize variations in an object’s orientation or position. This

adaptability is essential in geometry inference tasks such as pose estimation, where ob-

ject orientations can di�er widely. The implementation of equivariant features allows

models to universally apply their understanding to diverse poses, thereby minimizing

explicit learning from each transformed variant. This e�ciency not only shortens train-

ing duration but also bolsters the precision and robustness of the outcomes [39, 38].

2. E�ciency in Learning: Equivariant architectures, particularly CNNs, are highly

e�ective in handling shifts across spatial dimensions, applying learned patterns e�ec-

tively. This capability is extremely beneficial in pose estimation, where it’s essential

to understand spatial relationships and orientations. Equivariant networks streamline

the learning process by inherently processing various poses of the same object, leading

to simpler models with fewer parameters. This results in more compact models with

improved performance, which is essential in environments where real-time processing

or limited resources are a concern [40, 41].

3. Reduction of Redundant Data Processing: Unlike traditional non-equivariant

models such as Multilayer Perceptrons, or models with limited equivariance that might

need to learn from every possible variation of an input, equivariant models naturally
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handle these variations. This feature is particularly useful in complex tasks like pose

estimation, which involve a wide range of potential poses. Therefore, equivariant models

circumvent the ine�ciencies of learning from redundant data [41, 42, 43].

Overall, incorporating equivariant features into models enhances their generalization abil-

ity, learning e�ciency, and data management, suiting the dynamic nature of computer vision

challenges.

Invariant Features

The concept of learning invariant features in computer vision and machine learning is integral

to developing models that can e�ectively adapt to significant changes in appearance. The

primary goal in this area is to engineer image representations that capture crucial geometric

details of spatial arrangements while remaining una�ected by variations in environmental con-

ditions. This process involves a critical balance between geometric sensitivity and appearance

robustness, ensuring that the learned features are both accurate and resilient.

Research Objective II

The second axis of research focuses on the creation of features that demon-

strate invariance to a broad spectrum of appearance changes, which is

anticipated to substantially improve the performance of computer vision

models, particularly those tailored for space-related applications.

The employment of invariant features in the context of various machine learning and

computer vision tasks is highlighted by a number of crucial factors:

1. Stability Against Appearance Variations: Invariant features in models, especially

in CNNs, are designed to maintain consistent recognition despite changes in input ap-

pearance. This stability is vital in tasks like object recognition, where the model must

reliably identify an object regardless of changes in lighting, angle, or other environ-

mental factors. By focusing on invariant features, models can e�ectively ”ignore” these
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changes, concentrating instead on the underlying, unchanging aspects of the input [44,

45, 46, 47].

2. E�ciency in Feature Extraction: Invariant features simplify the feature extraction

process by focusing on stable aspects of the input. This approach reduces the complexity

of the model, as it doesn’t need to learn from every possible variation in appearance.

As a result, models with invariant features can be more streamlined and e�cient, with

fewer parameters to adjust and a quicker training process [48, 49, 47].

3. Minimization of Overfitting: By concentrating on invariant features, models are

less likely to overfit to specific appearances in the training data. Overfitting occurs

when a model becomes too tailored to the training dataset and fails to generalize well

to new data. Invariant features help in creating more robust models that can generalize

better to unseen data, as they focus on the fundamental, unchanging aspects of the

input [50, 51].

In summary, integrating invariant features into machine learning models is essential for

tasks requiring stable feature recognition across various appearances. This integration en-

hances the models’ generalization capabilities, e�ciency in learning, and reduces the likeli-

hood of overfitting, making them particularly suitable for applications where input data may

undergo significant appearance changes.

1.4 3D Trajectory Estimation of Space Objects

The third axis of our research is the integration of temporal information for spacecraft trajec-

tory estimation, as it is essential for estimating 3D trajectories of space objects in aerodynam-

ics and space situational awareness for OOS/ADR missions. This comprehensive approach

includes analyzing sequential data cameras and employing neural networks to learn space

object dynamics. The enhanced accuracy in trajectory prediction, achieved through nuanced

motion pattern understanding and deep learning algorithms, leads to more reliable future

position estimations. Temporal coherence in data analysis ensures consistent and smooth
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trajectory estimations, while deep learning models adeptly adapt to complex space dynamics.

This integration is crucial for robust model development, aiding in critical space operations

such as satellite tracking and collision avoidance.

Research Objective III

The third axis of research emphasizes the development of temporal models

for spacecraft trajectory estimation. This focus involves creating and re-

fining computational methods that leverage temporal data to predict and

analyze the trajectories of spacecraft with enhanced accuracy and reliabil-

ity, addressing the dynamic and complex challenges posed by space appli-

cations.

The advancement of temporal models for spacecraft pose estimation is crucial for several

reasons:

1. Improved Prediction Accuracy: The inclusion of temporal data enhances understanding

of space object motion patterns, leading to more precise predictions of their positions

and trajectories.

2. Consistency in Trajectory Analysis: Temporal data contributes to smoother, more

consistent trajectory estimates over time, mitigating anomalies or erratic predictions.

3. Adaptation to Space Dynamics: The dynamic nature of space requires models that

can adapt to changing conditions and behaviors. Temporal data integration equips

models to e�ectively handle these variations.

In summary, the integration of temporal data in the 3D trajectory estimation of space

objects is vital for developing robust and accurate models, which is crucial for applications

ranging from satellite tracking to collision avoidance in space operations.

Overall, the most critical element in the realm of monocular-based pose estimation sys-

tems, particularly for spacecraft, is the pressing requirement to establish an e�ective feature

learning framework. This framework is vital for the accurate estimation of spacecraft poses.

15



In Figure (1.6) we illustrate the di�erent building blocks for Vision-Based On-Orbit Ser-

vicing Stack, with our contribution to each part of the stack, which can serve as a guiding

framework for future research in the field.

The initial challenge in this domain is the scarcity of available data for spacecraft pose es-

timation, necessitating the reliance on synthetically-generated data and advanced simulations

to develop e�ective models.
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Figure 1.6: Architectural Diagram of a Vision-Based On-Orbit Servicing (OOS)
Stack: This illustration presents a structured workflow from input image acquisition to target
trajectory estimation, highlighting the individual research focus on each module. It encom-
passes specialized modules for temporal modeling, geometry equivariant feature extraction,
and appearance invariance, illustrating our comprehensive, module-specific research within
the overarching framework for accurate spacecraft pose estimation.
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1.5 Contributions and Thesis Outline

This thesis provides a comprehensive exploration of advanced methods in spacecraft pose

estimation and visual place recognition, with a focus on leveraging geometric and appearance

features for enhanced space navigation systems.

Chapter (2) establishes the essential groundwork for the research by presenting a com-

prehensive overview of the background concepts and theories pertinent to the study. This

chapter serves as a foundational guide, o�ering readers a detailed insight into the key prin-

ciples, methodologies, and theoretical frameworks that underpin the research. It is designed

to equip readers with the necessary understanding and context to fully grasp the subsequent

chapters, ensuring a cohesive and well-informed exploration of the study’s main topics and

objectives.

Chapter (3) present our e�orts in developing a simulation environment and the integra-

tion of both synthetic and real data for a variety of applications. This chapter highlights

the methodologies and processes involved in creating a realistic simulation framework. The

SPARK simulator, in particular, is instrumental in generating a diverse and extensive dataset

of multi-modal images, which plays a crucial role in the development and testing of innovative

algorithms. Furthermore we give an overview of the use of the Zero-G lab’s contribution to

real data acquisition to further complements the synthetic data, o�ering a benchmark to test

our algorithms in more realistic setup.

Chapter (4) provides an in-depth examination of our work on the first SPAcecraft Recog-

nition leveraging Knowledge of space environment (SPARK) challenge. In the 2021 IEEE

International Conference on Image Processing (ICIP 2021), the SPARK challenge represented

a significant endeavor to promote research and innovation in space target recognition and de-

tection. It details the comprehensive process behind the competition’s conception, including

the development of the simulator, the creation of a specialized dataset, the intricacies of com-

petition design, and our thorough analysis of the outcomes and insights from the challenge.

Chapter (5) explores the intricate task of end-to-end absolute camera estimation, essential

for determining the spatial relationship between a target and chaser spacecraft. The chapter
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focuses on a theoretical examination of the use of Equivariant Features for absolute camera

pose regression. Absolute pose regression consists in determining the position and orientation

of a camera with respect to a 3D world coordinate frame, emphasising practical applications.

The goal is to enhance feature learning for direct pose regression techniques by incorporating

equivariant features with respect to specific transformation groups. This includes focusing on

group equivariant CNN learning methods to develop features that maintain their properties

under camera transformations.

Chapter (6) presents the implementation of the novel Equivariant-Pose Net, in the context

of spacecraft pose estimation. This application is critical for Space Situational Awareness

and on-orbit servicing, where accurate pose estimation is vital. The chapter introduces the

Spacecraft Equivariant PoseNet (SEPNet), a deep learning architecture developed specifically

for spacecraft pose estimation. SEPNet aims to overcome the limitations of traditional end-

to-end methods and conventional CNNs, which often face di�culties in accurately addressing

the geometric complexities of pose estimation tasks in orbital missions.

Chapter (7) focuses on the limitations inherent in end-to-end pose estimation approaches,

particularly when compared to methods based on 3D geometry. It proposes a novel method

employing a translation and rotation equivariant Convolutional Neural Network. This ap-

proach explicitly integrates camera motions into the feature space and has shown enhanced

performance in standard datasets, highlighting the critical role of geometric information in

feature learning.

The focus of Chapter (8) is on the estimation of 3D trajectories of space objects from

single-camera RGB video feeds, a key aspect of Space Situational Awareness presented. It

details a novel two-stage process that initially identifies the 2D locations of space objects

via a convolutional neural network and subsequently extrapolates these into 3D trajectories.

This method ensures temporal coherence through a temporal convolutional neural network.

Chapter (9) emphasizing the potential of self-supervised learning in creating robust fea-

tures that are invariant to varying appearances, particularly suited for the challenges posed

by the space environment. This chapter aims to advance features learning capabilities that

remain resilient under diverse conditions and are not reliant on human-annotated labels. It

19



achieves this by integrating contrastive and predictive learning methods, focusing specifically

on self-supervised learning techniques to learn features that can be invariant to the unique

and dynamic visual aspects of the space environment. This approach can be used for enhanc-

ing the adaptability and robustness of navigation and recognition systems in the varying and

often unpredictable conditions encountered in space.

Finally in Chapter (10), the thesis reaches its conclusion, where we summarize our main

contributions to the field and discuss the open questions that have emerged from our in-

vestigation. We also contemplate the broader implications of our research in the context of

space situational awareness and spacecraft recognition. Additionally, the chapter identifies

potential avenues for future research, underscoring the unresolved challenges and opportuni-

ties that our work has brought to light. This final chapter aims to not only encapsulate our

achievements but also to inspire continued exploration and innovation in this dynamic and

ever-evolving field.

Overall, this thesis weaves together these distinct areas. Focusing on developing equiv-

ariant geometric features for direct pose estimation and invariant appearance features for

robust visual place recognition. It highlights the importance of temporal coherence in fea-

ture learning and combines real and synthetic data to improve the accuracy and reliability

of navigation systems in the challenging space environment.
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Chapter 2

Background

In this chapter, we lay down the theoretical and mathematical groundwork essential for

understanding advanced computer vision techniques applied to space applications. We start

with an introduction to SSA, ADR, and OOS, emphasizing the critical need for precise

spacecraft pose estimation amidst the challenges of space imagery, such as variable lighting

and sparse features.

We present the basics of pose estimation, focusing on the mathematical aspects of camera

and object poses, with an emphasis on monocular vision methods. A review of Convolutional

Neural Networks (CNNs) follows, highlighting their architecture and role in pose estimation,

setting the stage for the advancements brought by Equivariant Group Convolutional Neural

Networks (G-CNNs). The discussion extends to equivariant and invariant feature learning,

underlining their significance in developing robust vision systems for the dynamic space en-

vironment. We introduce group theory concepts critical to G-CNNs, illustrating how they

enhance traditional CNNs by incorporating transformation equivariance.

This chapter aims to provide a solid understanding of the concepts and methodologies

that support the novel approaches discussed in this thesis, preparing the reader for a detailed

exploration of solutions to the challenges of space exploration and debris monitoring.
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Figure 2.1: (a) A CubeSat capture demonstration with Harpoon (b) Net targeting a CubeSat
that was release from the main spacecraft (c) Vision-Based Navigation (VBN) system tracking
the CubeSat. These technologies were integral to the Active Debris Removal demonstrations
of the RemoveDebris mission [12].

2.1 Active Debris Removal and On-Orbit Servicing

Active Debris Removal (ADR) and On-Orbit Servicing (OOS) missions, at their core, involve

the servicing or removal of non-operational space objects by an operational chaser spacecraft.

Figure 2.1 depicts images from RemoveDebris [12] mission the first global initiative to

successfully test ADR technologies in orbit, showcasing cost-e�ective methods such as net

capture and harpoon retrieval. It also demonstrated key components of the operation se-

quence, including vision-based navigation, marking a significant milestone in space debris

management e�orts.

This components as essential as they bridge to the more advanced stages of ADR mis-

sions, specifically the approach and capture/refueling phases. In these later stages, the focus

shifts to managing the intricate relative dynamics between the chaser spacecraft and the

target debris. These phases necessitate advanced Guidance, Navigation, and Control (GNC)

techniques and highlight the necessity for autonomy, given the complex dynamics encoun-

tered, especially in close proximity. Thus, the integration of vision-based navigation within

the RemoveDebris [12] mission exemplifies its essential value in enhancing the precision and

autonomy of ADR missions, setting a foundational framework for future endeavors in space

debris removal and management.
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Figure 2.2: Tracking of DSAT2 within the VBN camera’s field of view along the predefined
trajectory, as illustrated in the figure from [12].

The evolution towards autonomous systems in forthcoming ADR/OOS missions is driven

by the intricate and swift dynamic characteristics of space object removal and servicing

tasks [10]. The approach phase, pivotal for the subsequent union of the spacecraft, highlights

the limitations of latency-prone ground-based operations and the insu�cient coverage of

ground stations, thus underscoring the need for advancements in autonomous navigation.

This includes accurately estimating the pose of a target object, a particularly demanding

task given the typically uncooperative nature of targets in ADR/OOS missions, which do not

facilitate navigation with aids like visual markers or LEDs [18].

Despite the absence of a universal benchmark for ADR/OOS mission navigation perfor-

mance, historical and planned missions provide insights into expectations, particularly for

the approach phase, which varies based on the mission’s GNC system and objectives.

The RemoveDebris mission [12] features an experiment focused on vision-based navigation

(VBN), described as follows [52]. In this setup, a second CubeSat, DSAT2, developed by

Surrey Space Centre, is deployed from the platform at a minimal velocity. Subsequently,

the VBN camera and LiDAR, a collaborative development by Airbus DS, CSEM, and Inria,

gather data which is then transmitted back to Earth through the platform for analysis.

During the VBN experiment, the system on the platform monitored DSAT2, the des-

ignated CubeSat, executing various maneuvers as shown in Figure 2.2. These observations
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spanned a range of distances and occurred under di�erent lighting conditions that varied

according to the spacecraft’s orbit.

The CubeSat, designed as a 2U unit, incorporates avionics distributed within its frame,

and features four deployable panels arranged in a cross shape at its base. These panels are

designed purely to give the CubeSat a more satellite-like appearance, without serving any

specific functional purpose.

The objectives of the VBN demonstration are multifaceted, aiming to:

• showcase advanced image processing and navigation algorithms, leveraging real flight

data collected via two distinct yet complementary sensing devices: a conventional cam-

era and a flash imaging LiDAR,

• conduct an in-flight validation of flash imaging LiDAR technology,

• implement an onboard processing capability to facilitate navigation tasks.

Thus the development of advanced VBN systems is critical for enhancing ADR and OOS

missions. These systems provide essential capabilities for precise, real-time tracking and ma-

neuvering, which are critical under the dynamic conditions of space. Accurate VBN enables

chaser spacecraft to e�ectively interact with targets, navigating complex spatial environments

with agility. The successful deployment and operation of VBN in the RemoveDebris mission

underscores its vital role in supporting sustainable and safe space operations going forward.

2.2 Monocular Pose Estimation Methods for Spacecraft

In the context of on-orbit servicing and space rendezvous missions, precise pose estimation

of a target spacecraft is a critical capability for a chaser spacecraft. The process involves a

monocular vision system, which captures a two-dimensional image of the target then try to

estimate the target’s pose relative to the chaser’s camera.

The process of observing a target spacecraft using a camera mounted on a chaser space-

craft is rooted in the principles of photogrammetry and computer vision. At its core is a
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Figure 2.3: Illustration of the Pinhole Camera Model in Spacecraft Imaging. The
optical center, akin to a pinhole, is located at the origin of the 3D camera coordinate system,
labeled as (u, v, w). The image plane, the surface where the virtual image of the spacecraft is
projected, is o�set along the w-axis, referred to as the optical axis. The point of intersection
where the optical axis meets the image plane is termed the principal point. The focal length
is defined as the distance between the image plane and the optical center.

camera model, often conceptualized as a pinhole camera, which is essential for interpreting

the 2D images captured in space.

2.2.1 Camera Model Fundamentals

In the camera model, the optical center of the camera, acting as the pinhole through which

light passes, is positioned at the origin of the world coordinate system, denoted by the axes

(u, v, w) as shown in Figure (2.3). The image plane, which is the two-dimensional surface

where the image is formed, is placed parallel to the uv-plane of the camera coordinate system

and is o�set along the w-axis, also known as the optical axis.

2.2.2 Mathematical Representation

In the domain of spacecraft observation, the transformation from the three-dimensional space

to the two-dimensional image plane is governed by the intrinsic parameters of the camera.
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These parameters include the focal lengths along the x and y axes of the image sensor, repre-

sented by fx and fy. Additionally, the intrinsic parameters are characterized by the principal

point, noted as (Cx, Cy), which is defined as the point where the optical axis intersects the

image plane.

When a point X with 3D coordinates (x, y, z) is captured by the camera, it is projected

onto the image plane as a point p with image coordinates (u, v). This projection is mathe-

matically expressed by the camera’s intrinsic matrix K through the following equations:

p =

S

WU
u

v

T

XV =

S

WU
x

z
fx + Cx

y

z
fy + Cy

T

XV .

The coordinates (u, v) on the image plane are thus computed using the focal lengths fx, fy,

and the principal point coordinates (Cx, Cy).

To integrate the camera’s perspective with the position and orientation of the target,

homogeneous coordinates are employed. This system simplifies the equations and allows for

a unified representation of points in space.

The relationship between a 3D point in the world coordinate system and its 2D image is

encapsulated as follows:
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where, Êi is a scaling factor, and [K] represents the intrinsic matrix of the camera, which

includes its optical properties. The matrix [P] is known as the pose matrix, which is composed

of a rotation matrix RC

B
that aligns the target’s body frame B with the camera frame C,

and a translation vector tC that represents the position of the target’s center of mass in the

camera frame.

The pose matrix P = [RC

B
|tC ] is crucial as it embodies the target’s exact location and ori-

entation from the viewpoint of the camera, enabling precise calculations needed for spacecraft

navigation and maneuvering.

28



2.2.3 Camera’s Role in Spacecraft Observation

The camera mounted on the chaser spacecraft serves as an eye in space. It captures the light

reflected from the target spacecraft and forms a 2D representation of the 3D object on its

image sensor. Through the camera’s optics and its internal parameters, the raw data from

the 3D environment is converted into a format that can be analyzed computationally.

The image plane is where the 2D image is formed and is characterized by its perpendic-

ularity to the optical axis. The optical center is the point from which the distances to the

image plane are measured, commonly referred to as the focal length. This focal length is a

key factor in determining how the 3D scene is projected onto the 2D plane.

In summary, the camera model used in space missions is a critical component that trans-

lates the three-dimensional reality of space into two-dimensional images. Understanding this

model is essential for various tasks in space exploration, including navigation, inspection, and

docking procedures. The model provides the framework within which the observed data can

be interpreted correctly to inform the decisions and maneuvers of the chaser spacecraft.

2.2.4 Determining the Target’s Position and Orientation

Once the camera has captured an image of the target spacecraft, the next step is to understand

precisely where the target is located and how it is oriented in relation to the camera. This

information is critical for maneuvers such as docking or maintaining a safe distance.

Position of the Target with Respect to the Camera Frame

The position of the target’s center of mass in the camera’s coordinate system is denoted as tC .

It represents the 3D spatial coordinates that define where the center of the target spacecraft

is located from the perspective of the camera. This position is crucial for understanding the

relative distance between the two spacecrafts.
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Orientation with Respect to the Camera Frame

In addition to position, knowing the orientation of the target spacecraft is essential. This is

represented by the rotation matrix RBC , which provides the transformation needed to align

the target spacecraft’s body frame B with the camera’s frame C. This matrix encapsulates

the angular displacement about each axis needed to rotate from the body frame of the target

to that of the camera.

2.3 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) have revolutionized the field of image processing and

computer vision, becoming the cornerstone of numerous applications, including spacecraft

pose estimation [23].

At their core, CNNs are designed to automatically learn spatial hierarchies of features

from input images. The architecture of a CNN is structured in layers, with the convolutional

layer being the central building block. These layers consist of a set of filters or kernels, which

slide over the input image to produce feature maps through convolution operation.

This process, when applied to an image, involves sliding the kernel over the input image

and computing the dot product at each position. The strength of convolution lies in its

ability to capture local patterns within the input image e�ciently, regardless of their location

within the image. The intuition behind the convolution operator’s success as a building

block in deep learning architectures stems from its capacity to achieve two critical objectives:

parameter sharing and sparse interactions. Parameter sharing reduces the model’s complexity

by using the same weights across di�erent parts of the input, enabling the network to learn

and generalize patterns more e�ectively. Sparse interactions focus the computation on local

patches of the input data, making the learning process more e�cient and scalable.

CNNs utilize the convolution operator, which is defined within the R
2 domain for a image

signal I : R2 æ R and a kernel k : R2 æ R, applied at a point x œ R
2:

(I ú k)(x) =
⁄

R2
I(x̃)k(x̃ ≠ x)dx̃, (2.1)
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Figure 2.4: Evolution of neural network architectures from fully connected (left) to convolu-
tional (right), demonstrating the principles of local connectivity and weight sharing. Fully
connected (MLP) networks lack spatial structure, connecting every input signal to each neu-
ral activation. Locally connected networks introduce spatial structure by limiting connections
to local regions. CNNs further refine this structure by applying weight sharing, using the
same filters across the entire input field, which enhances pattern detection e�ciency and
consistency. Figure adapted from Weiler, Maurice et al. [53].

This equation describes the convolution as the inner product between the image signal I and

a spatially shifted kernel k.

It is important to note that CNNs in practice utilize a discretized form of this operation:

(I ú k)(x) =
ÿ

x̃œZ2
I(x̃)k(x ≠ x̃)�x̃

=
ÿ

x̃œZ2
I(x̃)k(x ≠ x̃)

(2.2)

In the context of digital images, where pixels are uniformly spaced, we assume �x̃ = 1

for simplicity in this discussion, even though our overview remains within the continuous

domain. Typically, both I and k are composed of multiple channels, and the operation sums

over these channels.

CNNs tend to learn patterns that exhibit a high degree of redundancy with respect to

geometric transformations like rotations as some properties of images are stable under trans-

formations. It’s not uncommon to observe in the early layers of a CNN that the kernels

are essentially rotated versions of one another—for instance, one kernel might serve as an
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edge detector in one orientation, while another detects edges at a di�erent angle [33]. The

strength of CNNs lies in their capacity for weight sharing across various spatial locations

in the data through the correlation operator, allowing a single kernel to be reused at every

position. However, this weight sharing typically does not extend to rotations or orientations,

although an examination of learned features suggests that incorporating such invariance could

significantly reduce redundancy.

In many types of data, one can anticipate that fundamental patterns will manifest them-

selves under various rotations. This is true for 2D images, where patterns like edges, corners,

and lines are ubiquitous. Introducing weight sharing across rotations and orientations in

CNNs could, therefore, provide a more e�cient way of learning these patterns, decreasing

redundancy and potentially enhancing the network’s overall performance [38].

2.3.1 Invariance and Equivariance

As we mentioned above, certain properties of images remain consistent despite undergoing

transformations. To understand this concept in a mathematical framework:

A function f(I) associated with an image I is said to be invariant to a transformation

T (I) if:

f(T (I)) = f(I). (2.3)

This implies that the function’s output f(I) remains unaltered irrespective of the transfor-

mation applied to I. Image classification networks, for instance, should exhibit invariance

to the geometric transformation of the image such as translations, rotations, flips, or other

distortions. The network f(.) is expected to recognize the same object within an image, even

after it has been subjected to various spatial modifications.

Conversely, a function f(.) is deemed equivariant or covariant to a transformation T (.) if:

f(T (I)) = T (f(I)). (2.4)

In essence, f(.) is equivariant to the transformation T (.) when its output undergoes the same

transformation as the input itself. For tasks like per-pixel image segmentation, networks
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should preserve this equivariance; if an image is translated, rotated, or flipped, the network

f(.) should generate a segmentation map that is similarly translated, rotated, or flipped.

Similarly, networks designed for pose estimation tasks must also demonstrate equivariance

to the transformations of objects within the input images. This is crucial because as the

position, orientation, or scale of an object changes within the visual field, the network’s

output—a prediction of the object’s pose—must adjust accordingly in a consistent manner.

Thus, if an object in an image is translated, rotated, or scaled, a well-constructed pose

estimation network f(.) should account for these transformations, ensuring that the estimated

pose reflects these modifications precisely. Such equivariance is fundamental for accurate

pose estimation, enabling reliable and robust recognition and analysis of objects’ spatial

orientations in diverse scenarios.

2.3.2 Group Convolutional Neural Networks

The adoption of convolutional layers in neural networks is motivated by their intrinsic prop-

erty of approximate equivariance to translations, whereas the pooling layers aim to provide

invariance to small translational shifts [54, 55].

However, when it comes to preserving precise spatial information through the network,

there is a significant amount of spatial information regarding the inputs that are not encoded

by CNNs in a precise fashion [31, 32]. More specifically, local and global poolings, if added

to CNNs, render translation information unrecoverable, discarding the foregoing equivari-

ance [56]. For this reason significant interest in developing networks capable of demonstrating

equivariance or invariance to a wide array of transformations, extending well beyond mere

translational changes. This includes manipulations such as reflections, rotations, and scaling,

which are commonplace in varied imaging scenarios. In pursuit of this goal, Sifre & Mal-

lat (2013) [57] innovated a framework grounded in wavelet transformations that ingrained

translational and rotational invariance within image segments, showcasing its e�cacy in the

domain of texture classification. Furthermore, Kanazawa et al. (2014) [58] advanced the

concept with the creation of convolutional neural networks that inherently possess local scale

invariance.

33



Taking a more theoretical approach, Cohen & Welling (2016) [38] harnessed the princi-

ples of group theory to architect Group Convolutional Neural Networks (G-CNNs). These

networks are adept at maintaining equivariance across an extended range of transformations,

encapsulating reflections and rotations, thereby increasing the versatility of CNNs for complex

tasks.

Group Theory Primer

To begin our overview of G-CNNs, we will present some foundational concepts in group

theory. A group is characterized by the pair (G, ·), where G represents a set of elements,

and · denotes the binary operation that defines how these elements are combined. For a

structure to be considered a group, the following criteria must be met:

1. Closure: For any two elements g1, g2 œ G, the operation g1 ·g2 results in another element

within G.

2. Identity Element: There exists an element e in G such that for every g œ G, the

operation e · g = g · e = g holds true.

3. Inverses: For each element g œ G, there exists an inverse element g≠1 œ G such that

g · g≠1 = e.

4. Associativity: The group operation is associative; for any g1, g2, g3 œ G, the relation

(g1 · g2) · g3 = g1 · (g2 · g3) is always true.

Groups can perform actions on functions that are defined over R
2 such as images, an

operation that can be described using the regular representation, denoted as LGæR
2

g . For

brevity, we refer to this simply as Lg. This operation is defined by the formula:

LgI(x) = I
1
g≠1 · x

2
, (2.5)

where the action of g≠1 on x is represented as g≠1 · x.

In the domain of G-CNNs, the goal is to achieve equivariance to a wider range of trans-

formations R
2. The objective is to construct a CNN that also exhibits equivariance to a
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Figure 2.5: Illustration of the lifting group convolution process. Input image map
Iin contains occurrences of a pattern e under various transformations, represented by ◊x with
x is the angle of rotation. The group convolution operation transforms these features by
matching them with a rotated versions of kernel K to produce an output feature map fout

that is extended along the group dimension G = R
2
o H. The figure visualizes how features

under di�erent transformations are registered at distinct o�sets in the group dimension, as
exemplified with the group of 90° rotations, H. Figure reproduced from [61].

more comprehensive group of transformations, G, which typically encompasses translations

in R
2 and an additional group of interest, H. Here our discussions will primarily revolve

around groups formed by combining translations with another group, focusing specifically

on the Cyclic group of order 4, H = C4, representing 90-degree rotations in 2D. For more

in-depth analysis and information on equivariance across various groups in the context of

Group G-CNNs, please consult[59, 60, 53].

To address 2D images defined on R
2 e�ectively, the initial step towards developing a

network capable of identifying the specific pose (or transformation from the group G = R
2
o

H) under which an input feature appears involves transforming our signal to a domain where

the same feature, albeit in a di�erent pose, is distinguished. This transformation is facilitated

by the lifting convolution, which projects features from the input signal Iin : R2 æ R to a

feature map defined on the group Iout : G æ R. Considering a image signal and kernel I, k
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both situated in R
2, and a group element g = (x, h) œ G = R

2
o H:

(I úlifting k) (g) =
⁄

R2
I(x̃)kh(x̃ ≠ x)dx̃,

where kh represents the transformation of the kernel k : R2 æ R under the regular represen-

tation Lh of a group element h œ H; kh = 1
|h|Lh[k].

With the feature map now defined on the group Iout : G æ R, we proceed to apply group

convolutions. This process expands the convolution operation to include integration over the

entire group G, as shown below:

(I úgroup k) (g) =
⁄

G

I(g̃)k
1
g≠1 · g̃

2
dg̃

=
⁄

R2

⁄

H

I(x̃, h̃)LxLhk(x̃, h̃) 1
|h|dx̃dh̃

=
⁄

R2

⁄

H

I(x̃, h̃)k
1
h≠1(x̃ ≠ x), h≠1 · h̃

2 1
|h|dx̃dh̃.

(2.6)

This approach, termed group convolution, di�ers from the lifting convolution primarily in

that both the signal and kernel I, k are now functions on the group G, extending the integral

to span the entirety of G. Beyond this extension, the core concept remains largely consistent.

Following several layers of group convolution, we achieve a representation that remains

equivariant to the actions of the group, and spatial information regarding the inputs are

encoded in this new group representation. In Chapter 5, we will explore the application of

G-CNNs in the context of pose estimation.
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Chapter 3

Spacecraft Data Simulation and

Collection

In this chapter, we detail our e�orts in creating a simulation environment specifically designed

for modeling and synthetic data generation. This work marks a substantial contribution to

the field, notably through the organization of competitions and the distribution of public

datasets for various spacecraft recognition tasks. We also delve into our investigation of

the domain gap issue, a pivotal challenge in applying machine learning models to real-world

scenarios.

Our exploration begins with the development of the SPARK simulation system, a pivotal

tool for generating synthetic imagery essential for training machine learning models aimed

at SSA. The creation and sharing of these datasets not only fuel research in spacecraft

recognition but also provide a tangible framework for addressing the domain gap problem—a

critical obstacle in the practical application of these models.

Following this, we present a comprehensive examination of the methodologies employed

in constructing this simulation environment, highlighting the technical considerations and

innovative approaches undertaken. We further explore the implications of the domain gap

on the performance of machine learning models, o�ering insights into potential solutions and

mitigation strategies.
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This chapter sets the stage for an in-depth discussion on the intersection of simulation,

synthetic data generation, and machine learning in the context of SSA and ADR. It aims to

equip the reader with a thorough understanding of our contributions to this domain, paving

the way for a deeper examination of specific challenges and solutions in subsequent chapters.

3.1 Introduction

The development of DL models for spacecraft pose estimation requires comprehensive train-

ing to adhere to the stringent performance criteria required for space applications. The

e�cacy of these models is intrinsically linked to the quality of the training datasets. Indeed,

the dataset’s quality is often as pivotal as the development of an e�cient DL algorithm in

attaining desired performance metrics. Training DL models typically involves utilizing ex-

tensive datasets, covering a wide array of application scenarios, which is crucial for enabling

the models to generalize e�ectively across unencountered situations. Despite advancements

in DL algorithms towards more e�cient methodologies like few-shot and zero-shot learning,

the challenge of accurately determining 6-DoF pose predominantly relies on large and diverse

datasets.

A major impediment in the broader application and validation of DL models in this do-

main is the scarcity of publicly accessible space-borne image datasets. This limitation is

especially pronounced in cases where space-borne images of specific targets are either un-

available or restricted. In response, image rendering tools have become a favored approach

for generating realistic space-borne images. These tools, along with on-ground validation

testbeds, facilitate the creation of thousands of annotated images for varied applications,

including object detection, semantic segmentation, and 6 DoF pose estimation. These gen-

eration tools o�er substantial adaptability, allowing for the modification of parameters such

as camera models and orbital lighting conditions to suit specific application requirements.

In spacecraft pose estimation applications, these algorithms are typically integrated into

vision-based navigation systems and validated in specialized testbed facilities. These facilities

are designed to simulate orbital relative motion, employing mechanisms like robotic arms or
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air-bearing platforms, under realistic space lighting conditions. Depending on the applica-

tion’s requirements and the facility’s constraints, target mock-ups used in these testbeds can

vary in scale. While synthetic imagery can be produced in large volumes to meet diverse

needs, the generation of imagery in testbed scenarios is more constrained, owing to the need

to replicate specific conditions like Earth’s background, the sun’s precise position, and Earth’s

albedo, which di�erentiate lab/testbed imagery from actual space imagery.

This scenario presents three distinct image domains in spacecraft pose estimation: syn-

thetic, laboratory, and actual space imagery, each relevant in the development, testing/vali-

dation, and deployment stages. A notable challenge in this field is the ”domain gap” problem,

where DL models tend to overfit to features specific to the training domain. Addressing do-

main generalization from a data perspective is therefore critical to enhance the performance

of these algorithms in spacecraft pose estimation.

In this chapter, we detail our e�orts in building a simulation environment tailored for

modeling and synthetic data generation. This work represents a significant contribution to

the field, particularly in the organization of challenges and sharing public datasets for various

spacecraft recognition tasks. Additionally, we explore into our investigation of the domain

gap problem, a critical issue in the application of machine learning models to real-world

scenarios.

3.2 SPARK Simulation

Simulation software tools are essential in the contemporary design of vision-based autonomous

systems, particularly in the realm of spacecraft engineering.

The escalating complexity of spacecraft missions and maneuver designs necessitates the

heavy reliance on software simulation tools for dynamic and kinematic design verification, as

well as post-launch telemetry analysis.

These tools enable engineers to enhance design quality and testing e�ciency, thereby

reducing both cost and duration of development. Additionally, the growing need for vision-

based perception and navigation in spacecraft necessitates the development of realistic sim-
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Figure 3.1: Comparison of Dataset Iteration Processes: Real-World vs. Synthetic.
On the left, the Zero-G lab dataset illustrates necessary steps like collection, cleanup, an-
notation, review, and audit, involving significant human e�ort and time. On the right, the
SPARK-generated synthetic dataset process showcases the construction of a 3D asset-based
environment, adjustment of randomization parameters, and environment execution to pro-
duce new data. This method yields precisely annotated datasets that are auto-validated,
substantially reducing time-intensive tasks.

ulations for the generation of synthetic data.

To address this need, we have developed SPARK, a robust astrodynamics framework. This

framework provides simulation of spacecraft’s vision-based close rendezvous and proximity

operations under conditions akin to space.

Astrodynamics simulation tools can generally be categorized into three types: Commercial

o�-the-shelf (COTS), Government o�-the-shelf (GOTS), and general open source. Notably,

several tools originated in the GOTS category before transitioning to open source.

The following is a list of prominent tools:

1. University of Surrey’s STAR LAB (URSO) [62]

2. Stanford’s Space Rendezvous Lab (SPEED) [63].

3. University of Colorado Autonomous Vehicle Systems Lab (BASILISK) [64].

4. AGI STK [65].

5. a.i. FreeFlyer [66].

6. ESA PANGU Simulator [67].
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7. NASA General Mission Analysis Tool (GMAT) [68].

8. NASA Trick [69].

9. OreKit [70].

10. Airbus SurRender [71].

11. DART/Dshell [72]

Each tool is designed with specific astrodynamics simulation objectives in mind. For

instance, tools like OreKit, GMAT, and STK initially focused on high-fidelity orbit dynamics,

estimation, propagation, and trajectory design. ESA PANGU and Airbus SurRender were

developed for modeling planetary bodies and asteroid surfaces.

Consequently, these tools encompass various propagators, intricate multi-body gravity

models, drag, solar radiation pressure, and orbit determination tools. Our primary aim in

developing SPARK is to facilitate the development of machine learning models for vision-

based autonomous navigation of spacecraft.

SPARK incorporates space-like lighting and environmental elements to deliver a realis-

tic and precise representation of spacecraft operations and their responses to various space

conditions.

Its advanced features enable detailed visualization and analysis of spacecraft behavior,

taking into account the need for fast developing and validation for machine learning develop-

ment cycle as shown inf Figure (3.1). This enhanced functionality renders SPARK suitable

for in developing vision models for OOS/ADR missions.

SPARK was developed using Unity3D [73], a versatile cross-platform game development

engine. Game development platforms like Unity have become increasingly accessible to the

public, for developing 3D environment for di�erent application such as Virtual Reality (VR),

Virtual Design and Construction (VDC) or Simulation.

Unity3D o�ers high-performance, drag-and-drop components such as cameras, Graphical

User Interface (GUI) objects, lighting, and shaders. These elements are not only reusable but

can also be customized to achieve high-end graphics rendering, a crucial aspect in accurately
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simulating space environments. The ability to import spacecraft and component 3D models

in various formats further enhances the flexibility and adaptability of the platform, allowing

for extensive customization in line with specific project needs.

One of the significant advantages of using a platform like Unity3D is its extensive cross-

platform support. It caters to a wide range of operating systems including Mac, Linux,

Windows, iOS, and Android. This broad compatibility ensures that applications developed

within Unity can be easily published across di�erent platforms with minimal hassle. The

simplicity of publishing an application to the desired platform with just a click significantly

streamlines the development process, making it more e�cient and user-friendly.

The use of Unity3D in developing SPARK underscores the engine’s adaptability, high

performance, and ease of use in creating complex simulations, such as those required for

spaceborne systems. Its wide-ranging compatibility and user-friendly interface make it a

suitable choice for developing sophisticated and visually rich applications in the realm of

space exploration and beyond.

Generating synthetic data and ground truth labels using SPARK simulator is achieved by

integrating a 3D model of the target spacecraft, a comprehensive 3D environment comprising

the Sun, Earth, and Deep Space, along with the camera model mounted on the chaser space-

craft as illustrated in Figure (3.2). Additionally, the desired simulation can be achieved using

either the Unity Perception Package [74] or a custom simulation script for more control.

This approach facilitates the acquisition of high-resolution, photorealistic RGB images, 3D

pose labels, depth maps, and corresponding segmentation masks across diverse and varying

environmental conditions as show in Figure (3.3).

The fidelity of spaceborne imaging is subject to a multitude of factors, including fluctu-

ating illumination conditions, signal-to-noise ratio, and high contrast levels. To address this,

the SPARK generated data has been meticulously curated to encompass a broad spectrum

of scenarios, inclusive of extreme and challenging conditions. The generated images spans

multiple axes:

1. Scene Illumination: The generated images models the impact of Sun flares, rays, and

reflections from Earth in space, mirroring diverse illumination conditions and the pro-
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custom simulation Script Unity Perception Package

Simulation Scenario Rendered Scene Output

3D model

3D Environment

RGB - 3D Pose

Normal Map

Segmentation Mask

Figure 3.2: Workflow of a SPARK simulation: The left column demonstrates the sim-
ulation scenario components including simulation scripts and a 3D model within a 3D envi-
ronment setup. The middle column depicts the rendered scene resulting from the simulation,
showcasing the satellite model in orbit around Earth with the sun in the background. The
right column presents the output data generated from the simulation: an RGB image with a
3D pose overlay, a segmentation mask for object identification, and a normal map for surface
analysis
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Figure 3.3: Visualization of Proba-2 spacecraft using SPRARK: This figure illustrates
three types of data outputs from the SPARK simulator. The Normal Map column provides
detailed surface normal, the Segmentation Mask column o�ers object segmentation for scene
understanding, with the solar panel labeled with di�erent mask in red, and the RGB column
displays the realistic rendering of the Proba-2 spacecraft in space with di�erent illumination
e�ects
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nounced contrast characteristic of spaceborne images. It includes extreme illumination

scenarios where sunlight directly impacts optical navigation sensors or reflects o� the

target surface or Earth, causing lens flare and optical sensor blooming e�ects.

2. Scene Background: The orientation of the target spacecraft in various orbital scenar-

ios can either face Earth or the dark expanse of space, leading to variable backgrounds.

Earth as a background introduces additional features such as the planet’s surface, and

high reflectivity from oceans and clouds. Conversely, a dark space background results

in a featureless backdrop with sparsely illuminated stars.

3. Distance between Camera and Target: The model simulates varying distances

between the target spacecraft and the optical sensor on the chaser spacecraft. The

range is inversely proportional to the target’s occupation percentage in the scene.

4. Optical Sensor Noise: To realistically simulate the high noise levels prevalent in

spaceborne images, attributable to small sensor sizes and high dynamic range imaging,

varying levels of zero-mean white Gaussian noise have been added to the synthetic

images. This addition replicates the noise observed in actual spaceborne images.

In summary, the SPARK simulator’s comprehensive approach to synthetic data generation

ensures a robust and realistic representation of spaceborne imaging conditions, crucial for the

development and testing of vision-based autonomous navigation systems for spacecraft.

3.3 Zero-G Facility

The SnT Zero-Gravity Laboratory (Zero-G Lab) at the University of Luxembourg [75] facility

represents a state-of-the-art facility designed to replicate a broad array of in-orbit operations

across various orbital environments.

Equipped with two sophisticated Universal Robots (model UR10e) robotic arms, each

mounted atop a Cobotrack rail system, the lab o�ers a flexible 6 + 1 Degrees of Freedom

(DoF) configuration. These robotic arms are instrumental in precisely emulating the orbital

paths of spacecraft, additional space objects, and light sources, which are crucial for authentic
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experimental setups. To accurately simulate the intricate lighting conditions encountered in

space, the lab is equipped with a high-quality Godox SL-60 LED Video Light.

In terms of interior design, the Zero-G Lab, spanning an area of 3◊5 meters, is intention-

ally configured to resemble space-like conditions, with black walls, ceiling, and epoxy flooring,

e�ectively minimizing light reflections. The experimental configuration includes several vital

components, as illustrated in Figure (3.4). These include cameras positioned on tripods fac-

ing the spacecraft, typically a model spaceraft, mounted on a UR10e robotic arm, and a dark

backdrop strategically placed behind the spaceraft. Additionally, a continuous light source is

mounted on a second robotic arm. This arrangement is versatile, accommodating a variety of

spacecraft mock-ups and carefully considering room dimensions, reflective surfaces, camera

constraints, and the robotic arms’ range of motion. facilitates comprehensive simulation of

final approach maneuvers - refer to Figure (3.5)-.

During experimental procedures, the camera is stationary while the robotic arms adjust

the positions of the spacecraft and the light source. The arms’ movements are guided by

manually programmed waypoints, with Python scripts utilized to automate the image capture

process. These scripts are crucial for adjusting camera settings to ensure accurate white

balance and prevent color shifts. The positioning of background materials and cameras

is methodically executed to precisely replicate space conditions, with the background set

approximately 56 cm behind the spacecraft’s center and the cameras placed about 140 cm in

front.

The camera mounted as a payload of the wall robotic arm is the FLIR Blackfly S BFS-

U3-16S2C. This camera is a lightweight (<50g) and cost e�ective solution for space-sensitive

imaging applications. This camera has a variety of features, including precise control over

exposure, gain, white balance, and color correction. A fixed focal lens of 12mm, designed

for pixels that are Æ2.2µm, was added to the camera. This provides a high level resolution

(>200 lp/mm) across the sensor.

Object movements within the lab are tracked using an OptiTrack system with six Primex

13W cameras, capable of operating at up to 240 Hz with invisible 850nm IR illumination.

These cameras track IR markers attached to the objects, yielding highly accurate pose labels
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Figure 3.4: Overview of the SnT Zero-G Lab’s laboratory configuration for data
acquisition. The setup includes a CubeSat as the spacecraft model and a light source, both
attached to movable UR10e robotic arms. Cameras are stationed on a stable tripod, with
backgrounds positioned strategically behind the CubeSat.

with minimal positional and rotational errors.

3.4 Dataset Generated using SPARK

The SPARK Challenge 2021, acronym for ”SPAcecraft Recognition leveraging Knowledge of

Space Environment,” was an event organized by the Computer Vision, Imaging & Machine

Intelligence Research Group (CVI�) at the IEEE International Conference on Image Process-

ing (ICIP). This challenge was aimed at fostering the development of data-driven approaches

for space target recognition, and motivating researchers from computer vision and machine

learning field to tackle challenges in the new domain of spacecraft recognition.

A central feature of the SPARK Challenge was the introduction of a new, unique space

multi-modal annotated image dataset. This dataset was significant in its scale and speci-

ficity, consisting of approximately 150,000 high-resolution, photorealistic RGB images. Each

image in this collection came with bounding box annotations identifying the target object.

Additionally, the dataset included around 150,000 depth images and an equivalent number

of segmentation masks, all representing various and diverse space environmental conditions.
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The dataset’s composition was designed to reflect a realistic representation of space scenar-

ios. It encompassed images of 10 di�erent satellite types, with each satellite type represented

by approximately 12,500 images. Furthermore, the dataset included images of 5 di�erent

debris objects, with each object represented by about 5,000 images. All debris objects were

collectively categorized into a single class.

This rich and varied dataset provided a resource for researchers and practitioners in the

field of space exploration and technology. By o�ering a wide array of annotated images

depicting satellites and space debris under di�erent conditions, the SPARK Challenge 2021

set the stage for advancements in the field of space object recognition, particularly in the

application of machine learning and computer vision techniques. The challenge was not only

a testament to the growing need for sophisticated space object detection and classification

methods but also highlighted the potential of collaborative and interdisciplinary research

initiatives in addressing complex challenges in space technology.

Target spacecraft: Ten di�erent realistic models of spacecrafts were used (‘AcrimSat’,

‘Aquarius’, ‘Aura’, ‘Calipso’, ‘CloudSat’, ‘Jason’, ‘Terra’, ‘TRMM’, ‘Sentinel-6’, and the

‘1RU Generic CubeSat’). They were obtained from NASA 3D resources [76]. The debris

are parts of satellites and rockets after adding corrupted texture to simulate dysfunction

conditions (‘space shuttle external tank’, ‘orbital docking system’, ‘damaged communication

dish’, ‘thermal protection tiles’, and ‘connector ring’). They were placed around the Earth

and within the low Earth orbit (LEO) altitude.

Chaser spacecraft: It represents the observer equipped with di�erent vision sensors used

to acquire data.

Camera: A pinhole camera model was used with known intrinsic camera parameters and

optical sensor specifications, as well as a depth camera for range imaging.

Following the success of the SPARK 2021 challenge, a second iteration of the challenge,

named SPARK2022, was organized. This subsequent challenge was a part of the AI4Space

workshop, held in conjunction with the European Conference on Computer Vision (ECCV)

in 2022.

The SPARK 2022 Challenge was focused on advancing the development of data-driven
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approaches specifically for spacecraft detection and trajectory estimation. This represented a

shift towards more dynamic aspects of space object tracking and analysis, expanding the scope

from the previous challenge which concentrated primarily on recognition and classification.

A notable aspect of the SPARK 2022 Challenge was its use of data from two distinct

sources. Firstly, it utilized data synthetically simulated using our SPARK simulator. This

approach allowed for the creation of highly realistic and varied datasets, simulating a range

of space conditions and scenarios that are essential for developing robust detection and tra-

jectory estimation algorithms.

Secondly, the challenge incorporated data collected from the Zero-G Lab facility [75]. This

real-world data provided a complement to the synthetically generated data. The Zero-G Lab,

o�ered unique insights into the behavior of spacecraft and objects in space-like environments.

The combination of synthetic and real-world data in the SPARK2022 Challenge provided a

comprehensive dataset for participants, o�ering a more holistic and challenging environment

for developing and testing their algorithms.

The inclusion of trajectory estimation in the challenge underscored the evolving needs

in spacecraft monitoring and management, particularly in the context of increasing space

tra�c and the consequent need for precise navigation and collision avoidance systems. The

SPARK2022 Challenge, with its integration of both synthetic and real-world data, highlighted

the critical issue of the domain gap between real and synthetic data. This aspect of the

challenge underscored the need for further research in bridging these di�erences to enhance

the e�ectiveness of machine learning models in practical, real-world applications in space

environments.

3.5 SPARK-T Dataset

To further study of spacecraft trajectory estimation, we utilized our SPARK simulator to

generated a wide array of diversity in terms of sensing conditions and spacecraft trajectories.

Developing the SPARK-T dataset, we employed 3D models of three distinct types of

spacecraft:
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1. The ’Jason’ satellite, represented by a 3D model with dimensions of 3.8m ◊ 10m ◊ 2m,

including deployed solar panels.

2. A 1RU generic ’CubeSat’, with dimensions of 10cm ◊ 11cm ◊ 11cm.

3. For representing space debris, a model of a heat shield tile measuring 15cm◊10cm◊3cm

was used.

These 3D models were sourced from NASA’s [76] extensive library of 3D resources.

In creating the SPARK-T dataset, the target spacecrafts were strategically placed in var-

ious trajectories within the camera’s field of view, which was mounted on a chaser spacecraft.

Additionally, to enhance the realism and variability of the simulated space environment,

both the Sun and Earth were animated to rotate around their respective axes. This ap-

proach ensured the generation of a diverse set of high-resolution, photorealistic RGB images,

encompassing a range of di�erent orbital scenarios.

For this project, 50 sequences were created for each of the three spacecraft types. Each

sequence comprised 50 frames, capturing the spacecraft’s 3D trajectory. The dataset included

ground truth data for these trajectories, along with the corresponding rotation (R) and

translation (t) parameters of the spacecraft relative to the camera’s reference frame.

Finally, to mimic the imaging conditions of space, all images were resized to a resolution

of 512 ◊ 512 pixels. They were then processed with a zero-mean Gaussian blurring, with a

variance of ‡2 = 1, and an added Gaussian white noise with a variance of ‡2 = 0.001. This

processing technique was crucial in simulating the noise characteristics typically observed

in spaceborne imaging, thereby enhancing the dataset’s utility for developing and testing

trajectory estimation algorithms.

The comprehensive details regarding the development of the model are thoroughly pre-

sented in Chapter (7), provides an in-depth exploration of the methodologies, techniques,

and considerations involved in the model’s creation. It aims for understanding the intrica-

cies of the development process, o�ering insights into both the theoretical underpinnings and

practical applications of the model.
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3.6 CubeSat-CDT dataset

To inspect the challenge of trajectory estimation using data from di�erent sources and to

provide a more detailed study on the issue of domain gap, we introduced the CubeSat Cross-

Domain Trajectory (CDT) dataset. This dataset is unique in its composition, combining a

variety of data sources to o�er a comprehensive view of spacecraft trajectory estimation.

The CubeSat CDT dataset includes:

1. 21 trajectories of an actual CubeSat, which were captured in a laboratory setup. This

real-world data provides an authentic baseline for trajectory behavior.

2. 50 trajectories generated using SPARK, a powerful game development platform renowned

for its realistic rendering capabilities. These synthetic trajectories, created in a con-

trolled virtual environment, o�er high-quality data for comparison against real-world

scenarios.

3. 15 trajectories generated using Blender, a comprehensive open-source 3D creation suite.

Blender’s trajectories provide an alternative set of synthetic data, contributing to the

dataset’s diversity.

In total, the CubeSat CDT dataset comprises approximately 22,000 high-quality and high-

resolution images. These images depict a 1U CubeSat moving along predefined trajectories,

o�ering a rich resource for analyzing and understanding trajectory patterns in both real and

simulated environments.

To provide a detailed comparison and analysis, Table (3.1) in the relevant document

outlines the minimum and maximum distances between the CubeSat and the camera, cat-

egorized according to the data domain. This tabulation is crucial for understanding the

variations in data characteristics across di�erent sources and for studying the impact of these

variations on trajectory estimation models. The inclusion of both real and synthetic data in

this dataset allows for addressing the domain gap challenge, o�ering insights into how models

perform across varied data sources and how they might be optimized for improved accuracy

and reliability in real-world applications.
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Data Domain
Distance Minimum Maximum

Zero-G Lab 0.65m 1.2m
Synthetic (SPARK) 0.85m 3.8m
Synthetic (Blender) 0.40m 2.2m

Table 3.1: Minimum and maximum distances between the CubeSat and the camera for each
data domain of the proposed CubeSat CDT dataset.

3.6.1 Zero-G Laboratory Data

For the acquisition of real images in the Zero-G Lab, we conducted in lab simulations that

emulate the 6D dynamic motion of two satellites during an orbital rendezvous. This process

was crucial in creating a realistic and practical dataset for our research.

The specific trajectories defined for the CubeSat CDT in these simulations were choosen

to replicate close-range operations typically encountered when a 1U CubeSat is deployed in

orbit.

The resultant dataset comprises 21 trajectories of an actual CubeSat, all captured within

the controlled environment of the Zero-G Lab. This collection of real-image trajectories pro-

vides invaluable data for the development and testing of algorithms in spacecraft recognition

and pose estimation, o�ering a practical perspective on the dynamics of satellite movements

in an orbital setting.

3.6.2 SPARK Synthetic Data

The first subset of synthetic data within the CubeSat Cross-Domain Trajectory (CDT)

dataset, known as SPARK Synthetic Data, was generated using the SPARK simulator. This

simulator was specifically designed to produce visuals that closely mimic real-world scenarios

of a target model in space. Key features of this subset include:

1. Configurable Lighting Conditions: The SPARK simulator allowed for the creation

of a range of lighting environments, enabling the simulation of various space lighting

scenarios. This feature is crucial for testing the robustness of trajectory estimation

algorithms under di�erent illumination conditions.
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Figure 3.5: Experimental Setup for Orbital Rendezvous Simulation: This image
depicts the in-lab setup used for simulating the 6D dynamic motion of two satellites during
an orbital rendezvous in the Zero-G Lab [75].

2. Earth Background Option: The simulator provided the flexibility to include or

exclude an Earth background in the visual data. This variation adds to the realism

of the dataset and challenges the algorithms to perform accurately in visually complex

scenarios.

3. Predefined Trajectories with a Fixed Camera: In this setup, the virtual target

(the CubeSat model) was programmed to follow predefined trajectories, while the cam-

era position remained fixed. This approach focuses on the movement patterns of the

target, providing clear data for trajectory analysis.

4. Camera Intrinsic Parameters Matching Zero-G Lab Data: To ensure consis-

tency and relevance, the camera’s intrinsic parameters in the SPARK Synthetic Data

were aligned with those used in the Zero-G Lab dataset. This alignment is vital for

53



creating synthetic data that is comparable to real-world data, thereby enhancing the

e�ectiveness of cross-domain studies.

The SPARK Synthetic Data subset is instrumental in bridging the gap between real and

synthetic data, o�ering an environment for testing and refining trajectory estimation models.

By simulating realistic space conditions and maintaining consistency with real-world data

parameters, this subset plays a critical role in advancing the study of spacecraft trajectory

estimation in diverse and challenging conditions.

3.6.3 Blender Synthetic Data

To increase the diversity of the dataset, we incorporated Blender-based synthetic data to

add a significant layer of diversity to the dataset. Blender [77], a renowned open-source 3D

computer graphics software, o�ers unique capabilities and features for data generation. To

create Blender synthetic data, we followed the following guidelines :

1. Importing CubeSat CAD Model: The Computer Aided Design (CAD) model of

the CubeSat was imported into Blender. This step ensures that the 3D model used in

Blender is a precise and accurate representation of the CubeSat, essential for generating

realistic images.

2. Matching Camera Intrinsic Parameters: To align the synthetic data with real-

world conditions, the intrinsic parameters of the camera in Blender were adjusted to

match the physical properties of the camera used in the Zero-G Lab. This alignment

is crucial for consistency and allows for a direct comparison between synthetic and real

datasets.

3. Using Groundtruth Labels from Zero-G Lab: The pose information from datasets

generated in the Zero-G Lab was utilized as ground truth labels in the Blender rendering

process. This approach ensures that the synthetic data closely mirrors the real-world

scenarios, providing a reliable basis for model testing and validation.

4. Camera and Target Positioning: In the Blender setup, the camera is fixed at the
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(a) Synthetic (SPARK)

(b) Synthetic (Blender)

(c) Zero-G Lab

Figure 3.6: Qualitative comparison of example images: in the spatial (left) and fre-
quency (right) domains for (a) synthetic data generated with SPARK, (b) synthetic data
generated with Blender, (c) real data acquired in the Zero-G Laboratory.
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origin, and the target (CubeSat) is moved relative to the camera based on the pose

information. This configuration simplifies the image acquisition process and facilitates

the verification of ground truth labels post-rendering.

By using Blender in conjunction with the SPARK simulator, the dataset benefits from the

strengths of two di�erent rendering engines, each contributing its own unique qualities. This

methodological diversity enhances the overall robustness and applicability of the dataset,

making it a more comprehensive resource for developing and testing trajectory estimation

models under a variety of simulated conditions.

Chapter (8) presents a detailed overview of the development and performance evaluation

of models across various datasets, focusing on methodologies and techniques used in their

creation. It emphasizes understanding the domain gap issue — the challenge of applying

deep learning models trained on one type of data (like synthetic data) to di�erent data

sources (such as real-world data).
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Chapter 4

Spacecraft Recognition Leveraging

Knowledge of Space Environment

This chapter presents our contribution to the first edition of the SPAcecraft Recognition

leveraging Knowledge of space environment (SPARK) competition.

This event, organized by our team in conjunction with the 2021 IEEE International Con-

ference in Image Processing (ICIP 2021), was an attempt in fostering research and innovation

in the field of space target recognition and detection.

The cornerstone of the SPARK competition was its unique synthetic dataset, comprising

150,000 annotated multi-modal images. We designed the dataset specifically to challenge

and stimulate researchers to develop groundbreaking solutions in the realm of space target

recognition.

The chapter provides an overview of the sturcture of the challange, our construction of

the dataset, elaborating on its composition, the modalities of the images included, and the

annotations provided. It also o�ers a comprehensive analysis of the outcomes derived from

the 17 submissions received for the competition. This analysis includes insights into the

methodologies adopted by the participants, the performance of their proposed solutions, and

an evaluation of how these contributions advance the field.
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Figure 4.1: Samples from our SPARK dataset. Top-left: RGB image of the ‘Calipso’
satellite with night side of Earth in the background. Top-right: RGB image of a debris with
day side of Earth in the background. Bottom: corresponding depths.
4.1 Introduction

Today, our daily existence is deeply intertwined with the expansive satellite infrastructure

that orbits our planet. This infrastructure plays a pivotal role in an array of services that are

fundamental to our contemporary way of life, including communication, transportation, and

weather forecasting, among others. Given this critical dependence, the protection of these

space assets becomes paramount.

One of the primary hazards facing this infrastructure is the potential for collisions in space.

Such events can have far-reaching consequences, not only damaging valuable equipment but
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also potentially creating debris that can pose further risks. In this context, equipping space-

craft with the capability for autonomous recognition of surrounding objects emerges as a vital

component of space safety measures. This capability is a key objective of SSA, aiming to

significantly mitigate collision risks.

SSA encompasses a broad spectrum of activities, but at its core, it involves the monitoring

and understanding of the space environment, including the detection, tracking, and cataloging

of objects in orbit. The development of technologies and systems that enable spacecraft to

autonomously detect and respond to nearby objects is crucial for maintaining the integrity

and functionality of our satellite infrastructure, thereby safeguarding the myriad services that

rely on it.

Objects of interest in SSA encompass a diverse array of entities, including both active

and inactive satellites, as well as space debris. Space debris, in particular, poses a significant

challenge due to its unpredictable nature and potential to cause harm to operational satellites

and other space assets.

In recent years, the utilization of image-based sensors has gained considerable momentum

as a crucial source of information for SSA. These sensors, capable of capturing visual data of

objects in space, have become instrumental in tracking and monitoring the myriad of objects

orbiting the Earth. The rich data provided by these sensors has, in turn, spurred a multitude

of research initiatives in the field [10, 78, 9, 79, 15]. These research e�orts are primarily

focused on developing advanced algorithms and techniques for object detection, tracking,

and classification using image data. The goal is to enhance the accuracy and reliability of

identifying and categorizing various space objects, from operational satellites to fragments

of debris. The advancements in image processing and machine learning, particularly in deep

learning, have significantly contributed to these developments, o�ering new ways to interpret

and utilize the data captured by image-based sensors.

The progress in this area is not just a technological pursuit; it has profound implications

for the safety and sustainability of space operations. By improving our ability to monitor

and understand the space environment, these research e�orts play a crucial role in ensuring

the longevity and security of our satellite infrastructure, which is vital for a wide range of
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services and applications on which modern society depends.

Recently, there has been a significant surge in research exploring the potential of Deep

Learning (DL) applied to image data for space applications. This burgeoning interest is

largely due to the advancements in DL techniques, which have shown remarkable success in

various fields, particularly in image processing and analysis [80, 62].

In the context of space applications, DL models are being investigated for their ability to

e�ectively interpret and analyze images captured by space-based sensors. These models are

trained to perform a range of tasks crucial for SSA and other space operations, such as:

1. Object Detection and Classification: Identifying and categorizing di�erent objects

in space, such as operational satellites, defunct satellites, and space debris.

2. Pose Estimation: Determining the orientation and position of space objects, which

is vital for maneuvering and rendezvous operations.

3. Anomaly Detection: Identifying unexpected or abnormal patterns or objects, which

could indicate potential hazards or system malfunctions.

4. Change Detection: Monitoring and detecting changes in the space environment over

time, which is important for long-term space mission planning and safety.

The potential of DL in these areas is vast, o�ering improved accuracy, automation, and

e�ciency compared to traditional methods. For instance, DL models can process and analyze

vast amounts of image data more quickly and accurately than human operators, providing

timely insights critical for decision-making in space missions.

However, the application of DL in space environments also presents unique challenges,

such as dealing with the vast and variable nature of space data, the limited availability of

labeled training data, and the need for models to be robust against the unique noise and

distortions present in space imagery.

Recent advancements in the field of SSA have led to the development of several synthetic

and laboratory-acquired datasets, each designed to address specific challenges in space object

analysis using Deep Learning (DL) techniques. These datasets include:
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1. Spacecraft Pose Estimation Dataset (SPEED) Dataset: As referenced in [81]

and [82], SPEED is tailored for 6D pose estimation, providing critical data for deter-

mining the orientation and position of spacecraft in space.

2. Unreal Rendered Spacecraft On-Orbit (URSO) Dataset: Cited in [62], the

URSO dataset o�ers synthetic data also aimed at facilitating research in 6D pose esti-

mation.

3. Swiss Cube Dataset: Mentioned in [83], this dataset contributes to the same field of

6D pose estimation, enriching the diversity of data available for research.

4. Spacecraft-Parts Dataset: Published in [84], this dataset diverges from the focus on

pose estimation, instead concentrating on semantic segmentation, a crucial aspect for

understanding the component parts of space objects.

While these datasets have significantly advanced research in pose estimation and semantic

segmentation, there remains a notable gap in datasets specifically designed for space target

recognition and detection. These tasks are fundamental for SSA and are critical for achieving

autonomous operations in space.

Considering the substantial progress in object recognition using DL, as discussed in [85],

there is a growing interest in exploring how these methods can be adapted and applied to

space data. The unique challenges of the space environment, such as the lack of extensive

labeled data, the varied and complex nature of space objects, and the specific lighting and

background conditions in space, necessitate tailored approaches in DL.

To address these challenges and advance the field of SSA, there is a need for dedicated

research e�orts to create comprehensive datasets for space target recognition and detection.

Such datasets would not only facilitate the application of existing DL techniques to space

data but also spur innovation in developing new methods that are better suited to the unique

requirements of space environments. The development of these datasets and subsequent

research in applying DL to space data will be crucial steps towards enhancing the capabilities

and autonomy of space missions.
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Figure 4.2: Illustration from the SPARK Challenge Dataset.

The introduction of the SPARK competition, which o�ers a new public space annotated

image dataset dedicated to space target recognition and detection, arrives at a crucial juncture

in the advancement of SSA. This dataset, accessible at 1 and illustrated in (4.2), is particularly

significant when compared to previously available datasets for several reasons:

1. Dual Modalities: The SPARK dataset includes both RGB and depth images, pro-

viding a richer and more comprehensive data source for deep learning models.

2. Volume of Data: With a 150,000 RGB images and an equal number of depth im-

ages, the SPARK dataset significantly surpasses other datasets in size, the largest of

which previously capped at around 21,000 images. This vast collection of data o�ers

unprecedented opportunities for training more robust and accurate models.

3. Diverse Object Classes: The dataset encompasses 11 distinct object classes, includ-

ing 10 di�erent types of spacecraft and a separate class for space debris. This diversity

in object classes is crucial for developing versatile recognition and detection algorithms.

4. Photo-Realistic Space Simulation: The images in the SPARK dataset were gen-

erated under a photo-realistic space simulation environment, ensuring a high level of

realism. This includes a wide variety of sensing conditions, some of which are extreme

and pose significant challenges for object recognition algorithms, the SPARK simulation

is presented in section (3.2).
1https://cvi2.uni.lu/about-spark-2021/
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Dataset SPARK (Ours) SPEED [81] URSO [62] Spacecraft-Parts [84] SwissCube [83]
# images per modality 150 k 15 k 15 k 2.5 k 21 k
# Spacecrafts 15 1 2 - 1
Visible 3 3 3 3 3
Color 3 7 3 3 3
Depth 3 7 7 7 7
Mask 3 7 7 3 3
3D Model 3 7 7 7 3
6D Pose 3 3 3 7 3
Rendering simulated simulated + lab simulated artists’ views simulated

Table 4.1: Comparison of Space Situational Awareness datasets.

5. Inclusion of 6D Pose Annotations: Similar to some of the previous datasets, the

SPARK dataset includes 6D pose annotations, adding another layer of utility for more

comprehensive space object analysis.

Figure (4.1) presents sample images from the SPARK dataset, e�ectively demonstrates

the dataset’s quality and diversity. These images serve as a visual testament to the dataset’s

comprehensive nature, showcasing a range of scenarios and conditions that are crucial for

robust space target recognition and detection.

Further enhancing the understanding of the SPARK dataset’s significance, Table (4.1)

provides a detailed comparative analysis with existing benchmarks. This comparison eluci-

dates the unique features and advantages of the SPARK dataset, such as its extensive size,

diverse modalities, and wide range of object classes. Such detailed contextualization helps in

appreciating the dataset’s contribution to advancing research in space target recognition and

detection.

The introduction of the SPARK dataset indeed signifies a major leap forward in the field

of SSA. It provides researchers and developers with an invaluable resource to develop and test

advanced systems for identifying and tracking objects in space. By o�ering a more diverse

and extensive set of data, it lays the groundwork for creating more sophisticated and capable

recognition and detection technologies, thereby enhancing the safety and sustainability of

space operations.

In this chapter, a comprehensive presentation of the SPARK dataset and the methodology

employed in the SPARK competition is provided. This includes an in-depth overview of the

dataset’s structure, the variety of image modalities it encompasses, and the specific challenges
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it poses for space target recognition and detection. The methodology section details the

competition’s framework, including the criteria for participation, the evaluation metrics used,

and the overall objectives and goals of the competition.

Additionally, the chapter includes an aggregate analysis of the submissions received for

the competition. This analysis o�ers insights into the various approaches and techniques

employed by participants, highlighting the innovative methods and strategies used to tackle

the challenges presented by the SPARK dataset. The results of the submissions are reported,

summarizing their performance in terms of accuracy, e�ciency, and their adherence to the

competition’s guidelines and objectives.

By analyzing and reporting on the submissions in aggregate form, the chapter provides a

valuable overview of the state of research in the field of space target recognition and detection.

It identifies common trends, challenges, and areas of success within the submissions, o�ering

a snapshot of the advancements and potential areas for further research and development in

this domain. The chapter thus serves as a significant resource for researchers and practitioners

in the field, o�ering a comprehensive understanding of the SPARK competition’s outcomes

and contributions to the field of SSA.

Section (3.4) in Chapter (3) describes the proposed SPARK dataset. The details related

to the challenge are given in Section (4.2) including the analysis of the submissions.

4.2 Challenge

The SPARK dataset was introduced to the academic community through a Challenge Session

at the 2021 IEEE International Conference on Image Processing2. This session provided a

platform for showcasing the dataset’s features and potential, fostering collaboration and

discussion among image processing experts and researchers.
2https://www.2021.ieeeicip.org
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Figure 4.3: The SPARK Challenge Session at the 2021 IEEE International Conference

4.2.1 Competition Design

The primary goal of the Challenge was to examine the potential advantages of using mul-

timodal data in solving two essential tasks in SSA: target object recognition and in-image

localization. These tasks are pivotal for the accurate identification and tracking of objects in

space, an area of increasing importance given the growing density of space tra�c.

1. Target Object Recognition (Classification Task): This task focuses on the ability

to accurately classify various objects in space, such as satellites or space debris. It

involves identifying the type or category of an object based on its visual characteristics.

In this document, this task is referred to as the ’classification’ task, emphasizing its

focus on categorizing objects into predefined classes.

2. In-Image Localization (Detection Task): The ’detection’ task, on the other hand,

involves determining the precise location of these objects within an image. This task

is crucial for determining the position and potentially the trajectory of space objects,

which is vital for collision avoidance and mission planning.

The Challenge sought to assess how e�ectively multimodal data, including RGB and depth

images, can improve performance in these two tasks. Multimodal data o�ers a richer, more

comprehensive dataset than unimodal data, potentially providing more nuanced information

for algorithms to analyze. The use of such data in deep learning models could lead to more

65



accurate and reliable recognition and localization of space objects.

By focusing on these tasks, the Challenge aimed to advance the field of SSA by encour-

aging the development and testing of new methods and models

Experimental Setup

In the SPARK competition, participants were provided with a dataset comprising 150,000

RGB images, each accompanied by a corresponding simulated depth map, as illustrated in

Figure (4.2). This dataset was divided into three subsets: 90,000 images for training, 30,000

for validation, and another 30,000 for testing purposes. The dataset features 15 di�erent

space objects, including 10 di�erent satellites and 5 types of space debris.

For the classification task, the five debris types were grouped into a single class labeled as

’debris’, while each satellite type was designated as an individual class. The primary objective

for participants in this task was to accurately classify the type of spacecraft depicted in each

pair of RGB and depth images.

In addition to classification, the competition also included a detection task. This task

required participants not only to correctly identify the spacecraft but also to accurately

localize it within the image by defining its bounding box. It’s important to note that the

ground truth data, consisting of spacecraft class labels and rectangular bounding boxes, was

only released for the training and validation subsets, as shown in Figure (4.2). This approach

was designed to test the models’ abilities to generalize and perform accurately on unseen

data, a crucial aspect of SSA applications.

Metrics

To evaluate the di�erent submissions and rank the participants, two metrics were specifically

designed.

Task 1 - Classification

In the classification task of the SPARK competition, participants faced two primary types

of errors, each with varying degrees of seriousness:
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1. Classifying Debris as a Satellite: This error type is considered more serious as the goal

is to detect debris.

2. Misclassifying a Satellite: This could either be misidentifying a satellite as another type

of satellite or as debris. This type of error is deemed less serious.

The overarching goals of the task were to:

1. Avoid confusion between satellites and debris, with a higher penalty applied for mis-

classified debris.

2. Accurately classify images featuring satellites based on their specific type.

To e�ectively rank participants while accounting for these error types and goals, a specific

metric was designed:

Perf = F2-score(debris) + accuracy(satellites) (4.1)

In this metric:

F2-score = 5 precision.recall
4.precision + recall (4.2)

The F2-score is utilized to weigh recall (penalizing the omission of debris) as twice as

important as precision (penalizing false debris detection). This scoring system is reflective of

the task’s emphasis on correctly identifying debris, a critical aspect of SSA.

Accuracy is defined as the proportion of correctly classified samples and is averaged over

the 10 satellite classes. By adding the F2-score for debris and accuracy for satellites, the

metric balances the importance of both subproblems: avoiding misclassification of debris and

correctly identifying satellite types. This approach ensures a comprehensive assessment of

participants’ performance in tackling the key challenges of the classification task.

Task 2 - Detection

For the detection task in the SPARK competition, the evaluation encompassed both the

accuracy of localization and the performance of classification. The metric for this task was
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significantly influenced by the evaluation framework used in the COCO Challenge. The

specific approach adopted for the SPARK competition involved the following steps:

1. Classification Accuracy: Initially, the proportion of images correctly classified in terms

of their target object (satellite or debris) is calculated.

2. Intersection-over-Union (IoU) Score:For each correctly classified image, the IoU score

is computed. This score is a measure of the overlap between the predicted bounding

box and the ground truth bounding box. An IoU threshold is set to determine whether

the localization of the object is su�ciently accurate.

3. Averaging over IoU Thresholds: The final detection metric is calculated by averaging

the proportions of correctly predicted images (in terms of both classification and lo-

calization) over a range of IoU thresholds. These thresholds vary from 0.5 to 0.95,

increasing in increments of 0.05.

This comprehensive metric ensures that for a prediction to be deemed successful, it must

not only correctly identify the type of object in the image but also accurately localize it within

the image. By averaging over a range of IoU thresholds, the metric provides a robust and

nuanced assessment of each submission’s detection capabilities, reflecting both the precision

of the bounding box localization and the accuracy of the object classification.

4.2.2 Analysis of Competition Results

In this section, a comprehensive analysis of the submissions for the SPARK challenge is

presented, focusing on the overarching trends and insights rather than specific rankings.

Participation Overview:

The challenge saw participation from 5 teams, resulting in a total of 17 submissions. Each

team submitted a report detailing their approach, providing a basis for the analysis presented

here.

A key finding from the submissions is the apparent benefit of incorporating depth in-

formation for both classification and detection tasks. Teams employed depth data in two

primary ways:
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1. As a Preprocessing Step: Some teams used depth images to initially localize the

satellite or debris within the image, followed by cropping the relevant section for further

analysis.

2. Fusion with RGB Images: Other teams integrated depth information with RGB

images during the training phase, enhancing the dataset’s dimensionality and richness.

Data Augmentation Techniques:

Many teams employed data augmentation techniques to enhance model performance.

These techniques included horizontal and vertical flips, Gaussian noise and blur, and more

advanced methods like CutOut, MixUp, CutMix, and Mosaic.

Model Architectures:

A variety of well-known pre-trained model architectures were utilized, including ResNets [86],

E�cient Det [87] and YOLO [88] models. These choices reflect the teams’ reliance on estab-

lished, robust architectures for complex image recognition tasks.

Classification Task Analysis:

The average results of submissions, represented in a confusion matrix Figure (4.4), indi-

cate that correct classifications ranged from 54% to 81% across di�erent classes. Notably,

misclassifications often involved misidentifying satellites as debris, aligning with the Chal-

lenge’s focus on accurately distinguishing these categories.

Detection Task Analysis:

For detection, the per-class results were analyzed against varying IoU thresholds Fig-

ure (4.5). As expected, higher IoU thresholds correlated with lower detection scores. Inter-

estingly, the ’CloudSat’ object emerged as particularly challenging in both classification and

detection, warranting further investigation to understand this trend.

4.3 Conclusion

In conclusion, the SPARK Challenge, organized in conjunction with ICIP 2021, has suc-

cessfully showcased the potential of the SPARK dataset in advancing the field of spacecraft
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Figure 4.4: SPARK Challenge 2021 (Task 1 ≠ Classification): overall confusion matrix.

recognition and Space SSA. Our work in developing this dataset and orchestrating the Chal-

lenge has underscored the significance of multimodal deep learning approaches in this domain.

The enthusiastic participation and interest from the global research community rea�rm the

importance and relevance of multi-modal RGB-Depth data in enhancing spacecraft percep-

tion and detection capabilities. This endeavor not only contributes to the progression of

SSA missions but also sets a new benchmark for future research in this vital area of space

exploration and security.
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Figure 4.5: SPARK Challenge 2021 (Task 2 - Detection): Proportion of correctly
predicted images per class, as a function of the IoU threshold.
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Chapter 5

Equivariant Features for Absolute

Pose Regression

In this chapter, we explore the intricate problem of end-to-end relative pose estimation, a

critical aspect for determining the position and attitude of a target spacecraft in relation to a

chaser spacecraft. Our discussion primarily revolves around a theoretical investigation with

broader applications in general camera pose estimation. The subsequent chapter will then

shift focus specifically to spacecraft pose estimation.

While end-to-end approaches have achieved state-of-the-art performance in many per-

ception tasks, they are not yet able to compete with 3D geometry-based methods in pose

estimation. Moreover, absolute pose regression has been shown to be more related to image

retrieval [89]. As a result, we hypothesize that the statistical features learned by classi-

cal Convolutional Neural Networks do not carry enough geometric information to reliably

solve this inherently geometric task. In this chapter, we demonstrate how a translation and

rotation equivariant Convolutional Neural Network directly induces representations of cam-

era motions into the feature space. We then show that this geometric property allows for

implicitly augmenting the training data under a whole group of image plane-preserving trans-

formations. Therefore, we argue that directly learning equivariant features is preferable than

learning data-intensive intermediate representations. Comprehensive experimental validation
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Figure 5.1: Illustration of our approach - Our method adopts a translation and rotation-
equivariant convolutional neural network to extract geometry-aware features that directly
encode camera planar motions R, t. While camera moves, equivariance of the proposed fea-
ture extractor F leads to explicit image („(I)

R,t
) and feature („(F)

R,t
) changes. This property is

leveraged to propose a more e�cient solution to the absolute pose regression problem.

demonstrates that our lightweight model outperforms existing ones on standard datasets.

5.1 Introduction

Estimating the relative pose between a camera and its environment is crucial for vision-based

applications such as autonomous driving, robot manipulation, mixed reality and computer-

assisted surgery. As a result, camera pose estimation, and its reference frame inverse, i.e.,
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object pose estimation, have been extensively studied over the last decades [90, 91, 92].

Traditionally, pose estimation has been addressed using 3D geometry. In practice, a set of

2D-3D feature correspondences is generated, then statistically leveraged to recover the camera

pose [93, 94, 95, 96]. More recently, direct Absolute Pose Regression (APR) approaches have

been introduced, drawing upon early successes of deep learning [97]. These methods consist

in directly mapping an image to its pose using a suitably trained Convolutional Neural

Network (CNN). Therefore, end-to-end trainable methods have the advantage of providing

fully di�erentiable results, enabling the optimization of all parameters in a comprehensive

manner. Moreover, predictions are achieved at a steady speed and power consumption,

whereas RANdom SAmple Consensus (RANSAC)-based methods [93] are less predictable

and likely to su�er from an e�ciency drop when the inlier rate is low. However, state-of-

the-art APR methods have been proven theoretically and shown experimentally to have a

lower accuracy compared to 3D structure-based approaches [89]. Indeed, the former are more

closely related to image retrieval than to 3D structure [89].

The questions we ask in this work are: Why do current APR methods fall short in ac-

curacy ? How can they reach their full potential ? Our hypothesis is that there is a lack of

exploitation of the geometric properties of the data. This happens typically at the level of

the feature extraction layers commonly used in standard deep learning approaches. Specifi-

cally, we posit that in the case of APR and pose estimation, having a representation which is

equivariant to the group of rigid motions, i.e., rotations and translations in 3D, may be an

e�ective way to boost the network performance. This should play the role of an implicit data

augmentation by means of group equivariance, and in turn alleviate the need for an explicit

data augmentation for training.

Indeed, recently, there has been a growing interest in designing more geometric models that

are equivariant to groups of such transformations. These approaches leverage theoretical

contributions from group theory, representation theory, harmonic analysis and fundamental

deep learning [38, 98, 99, 41, 100, 101, 102]. More specifically, group-equivariant neural net-

works, or Group-equivariant CNNs (G-CNNs), are part of the broader and promising field of

geometric deep learning [103], that aims to exploit any underlying geometric relationship that
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can exist within the data. In particular, the special Euclidean groups in 2 and 3 dimensions,

denoted as SE(2) and SE(3) and encompassing respective rigid motions, are of particular

interest in 3D computer vision [41, 104].

Despite the conceptual advances they represent, to the best of our knowledge, the use of

deep equivariant features in the APR context is still considerably unexplored. This chapter

proposes, for the first time, to investigate and justify the use of deep equivariant features for

solving APR see Figure (5.1).

Contributions. Our contributions are summarized below:

(1) A formulation of how an equivariant CNN induces representations of planar camera

motions, lying in SE(2), directly into the feature space. Section (5.4.1)

(2) An intuitive explanation is provided as to how SE(2)-equivariant features can be leveraged

to recover any camera motion lying in SE(3). Section (5.4.2)

(3) A lightweight equivariant pose regression model, referred to as E-PoseNet, is introduced.

Section (5.5)

(4) Extensive experimental evaluation of E-PoseNet showing its competitive performance as

compared to existing APR methods on standard datasets. Section (5.6)

chapter organization. An overview of state-of-the-art APR methods and current exploita-

tions of deep equivariant features is given in Section (5.2). Section (5.3) presents the formal

definition of equivariance along with the formulation of APR. The theoretical justification as

to how SE(2)-equivariant features can explicitly encode planar camera motions is presented in

Section (5.4), whereas the full pose regression pipeline is introduced in Section (5.5). An ex-

tensive experimental validation is given in Section (5.6) along with a discussion of limitations.

Section (5.7) concludes the chapter.

5.2 Related Work

The goal of this chapter is to exploit the power of equivariant features in the context of APR.

Therefore, we split this section into: (1) a review of the relevant literature on APR, and (2)

an overview of recent deep equivariant feature extraction methods applied to computer vision
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problems.

Absolute Pose Regression. Since the rise of deep learning and CNNs in the early 2010’s,

many works have explored the application of CNNs for APR. This began with the introduc-

tion of PoseNet by Kendal et al. [105], who used the GoogLeNet model [106] as a feature

extraction backbone coupled with a regression head to estimate the translation and rota-

tion vectors. Most of the subsequent improvements lie in changes in the feature extraction

architecture [105, 107, 108], modified objective functions [109, 110, 111], and additional in-

termediate representations [112, 113].

In [89], Sattler et al. provide an in-depth analysis of existing works on APR [107, 114,

115, 116, 117]. In particular, they show that structure-based and image retrieval methods are

more accurate than APR. Moreover, they demonstrate that APR algorithms do not explicitly

leverage knowledge about projective geometry. Instead, they learn a mapping between image

content and camera poses directly from the data, and in the form of a set of base poses such

that all training samples can be expressed as a linear combination of these reference entities.

Wang et al. [118] proposed an approach to integrate dense correspondence-based intermediate

geometric representations within an end-to-end trainable pipeline. However, this method

still relies on classical (non-equivariant) features, and thereby requires a significant amount

of data for generalization. Furthermore, methods such as [112, 113, 118] propose to learn

intermediate representations that are indirectly equivariant, such as segmentation masks,

object detections, and depth or normal maps. However, this comes at the cost of parameter

redundancy. This core observation suggests that directly learning equivariant features may

be a valuable direction to improve the accuracy of pose estimation while reducing the number

of model parameters.

Deep Equivariant Features. There is a rich history in computer vision on the design

of hand-crafted equivariant features (e.g., Scale-Invariant Feature Transform (SIFT) [25],

Oriented filters [27], Steerable filters [26], Rotation-equivariant Fields of Experts (R-FoE) [28],

Lie groups-based filters [29, 30]). In the deep learning literature, convolutional layers [55] have

been proven to be equivariant to image shifting, while max-pooling layers are only invariant

to small shifts of the input image [119].
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Although convolutional layers are inherently equivariant to translation, there is a significant

amount of spatial information regarding the inputs that is not encoded by CNNs in a precise

fashion [31, 32]. More specifically, local and global poolings, if added to CNNs, render

translation information unrecoverable, discarding the foregoing equivariance [56].

A recent investigation shows that many neurons in CNNs learn slightly transformed (e.g.,

rotated) versions of the same basic feature [33]. These are especially common in early vision,

e.g., in curve detectors, high-low frequency detectors, and line detectors.

There have been attempts to extend the G-CNNs to wider groups of transformations.

In [34, 35], Mallat et al. extended CNNs to be equivariant to SE(2) using scattering transform

with predefined wavelets. In [36, 37], Bekkers et al. also extended CNNs to be equivariant

to the SE(2) group via B-splines. In [38], Cohen et al. proposed group convolutions network

equivariant to the p4m discrete group via 90¶ rotations and flips, where they demonstrated

the e�ectiveness of group convolutions for classification task.

More recently, the use of equivariant features has been investigated for solving various com-

puter vision tasks such as 3D point cloud analysis [100], aerial object detection [101] and 2D

tracking [102]. In [120], Esteves et al. proposed to use projection and embedding from 2D

images into a spherical CNN latent space to estimate the relative orientations of the object.

Similarly, Zhang et al. proposed to use spherical CNN for learning camera pose estimation

in omnidirectional localization [121]. However, to the best of our knowledge, equivariant fea-

tures have not yet been explicitly leveraged in the context of APR for single 2D input image,

which is the very focus of this chapter.

5.3 Preliminaries

This section provides the necessary mathematical background. First, we introduce the el-

ements of group theory needed for understanding our work, then introduce the notions of

invariant and equivariant features. Then, we present the general framework for APR, and

finally show the added value of relying on equivariant features in this context.

Notation. The following notation will be adopted: vectors and column images are denoted
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by boldface lowercase letters x, matrices by uppercase letters X, scalars by italic letters x

or X, functions as X and spaces as X. The special orthogonal group, the Euclidean group,

and the special Euclidean group, of dimension n, are denoted as SO(n), E(n) and SE(n),

respectively.

5.3.1 Elements of Group Theory

In this section, we provide the basics of group theory needed to understand our work.

Groups A group G is a set equipped with an operation that takes two elements from the

group g, h œ G and combines them to produce a third element gh. To define a group, the

operation must satisfy the following properties:

• Closure: The group is closed under the operation, i.e. ’g, h œ G, gh œ G.

• Associativity: ’g, h, l œ G, (gh)l = g(hl).

• Identity: there exists a unique e œ G satisfying eg = ge = g, ’g œ G.

• Inverse: For each g œ G there exists a unique inverse g≠1 œ G such that g≠1g = gg≠1 =

e.

Group Representations

Group representations describe abstract groups in terms of bijective linear transformations

(i.e. automorphisms) of vector spaces; in particular, they can be used to represent group

elements as invertible matrices so that the group operation can be represented by matrix

multiplication.

More precisely, a representation of a group G on a vector space V over a field K is a group

homomorphism from G to GL(V), the general linear group on V . That is, a representation

is a map

fl : G æ GL(V )

such that

’g1, g2 œ G, fl(g1g2) = fl(g1)fl(g2).
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Therefore, fl is preserving the group structure while mapping G to GL(V ).

5.3.2 Invariant and Equivariant Features.

Given an image x, captured by a camera, an APR method P predicts the 6-Degrees-of-

Freedom (6-DoF) pose, i.e., position and orientation, of the camera with respect to its envi-

ronment.

Let us denote by I µ R
m the linear space of vectorized m-dimensional images (or image

regions), and by F µ R
n the latent space of features – with dimension n. Considering a

CNN-based feature extraction function F , we write:

F : I æ F

x ‘æ F(x).

Given G, a generic group of transformations and g, an element of G, we denote by „(I)
g and

„(F)
g the actions of g into the image and feature spaces, respectively.

Definition 1 F is invariant to G if and only if

’g œ G, ’x œ I, F(„(I)
g x) = F(x). (5.1)

Definition 2 F is equivariant to G if and only if

’g œ G, ’x œ I, F(„(I)
g x) = „(F)

g F(x). (5.2)

Note that invariance can be seen as a special case of equivariance where „(F)
g = I, the identity

mapping, ’g œ G.

Equivariant Features for APR. Sattler et al. proposed the following formulation for the

pose function P [89]:

P(x) = b + P.E(F(x)), (5.3)

where the feature extractor F is first applied to the image x followed by a non-linear embed-
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ding of the features E lifting them to a higher-dimensional space. Then, a linear projection

into the space of camera poses, represented by a matrix P, is applied. Finally, a bias term b

is added.

As presented in Section (5.2), the work in [89] demonstrated that classical APR is more

closely related to pose approximation via image retrieval than to accurate pose estimation

leveraging the 3D structure, thus the accuracy gap.

Our hypothesis is that this is likely due the lack of geometric information carried by

classical CNN features. Indeed, the perceptive power of classical CNNs can most often be

considered as a statistical phenomenon, whereas pose estimation is a geometrical problem.

In this work, we thus propose to replace the classical convolutional layers of the feature

extractor F by their group-equivariant counterparts [38], then to assess how this a�ects both

the accuracy and data e�ciency of the model.

Therefore, assuming that F is equivariant to G, i.e., verifies Definition (2), and applying

the transformation „(I)
g to the image x, the pose regression function P in (5.3) becomes:

P(„(I)
g x) = b + P · E

1
„(F)
g v

2
, (5.4)

where v = F(x). This suggests that any action of G on the image has a direct e�ect in the

latent space and that, in particular, camera motion transformations of images, i.e. changes in

camera pose, explicitly induce actions on the feature vector v, and implicitly on the regressed

pose.

Considering G as SE(2) or SE(3), we posit that such equivariant features will help improve

the performance of APR.

5.4 Pose from SE(2)-Equivariant Features

We consider a piecewise planar scene, where the scene planes are parallel to the image plane.

We then consider camera motions that locally preserve the latter.
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Figure 5.2: Illustration – Scene plane (Z = Z0) - Parallel image plane (Z = f) - Camera
center (0, 0, 0). The scene is defined as the set of light intensity values S(X, Y ) within the
plane Z = Z0. Rays of lights are then projected to the camera center. Intersections of
projected rays with the image plane (considered as infinite) define image intensity values
I(x, y). Camera motions are restricted to SE(2), i.e. translation along ux, uy and rotation
around uz (characterized by roll angle ◊).

5.4.1 SE(2)-Equivariant Features

We herein restrict camera motions to those of the SE(2) group, i.e., planar translations and

rotations within the image plane Figure (5.2). With that, we analyse the e�ects of planar

camera motions on the image and feature spaces, assuming that the feature extractor F is

equivariant to SE(2).

E�ects of Camera Planar Motions on Images. Following the notations introduced in

Figure (5.2), rotating the camera with a roll angle ◊ is equivalent to rotating the scene around

uz (camera viewing direction) with angle ≠◊ [122].

Similarly, translating the camera center along ux and uy is equivalent to translating the scene
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in the opposite direction.

Let us denote any rigid motion of the camera along its image plane i.e., in SE(2) by R, t,

where t is a planar translation and R a planar rotation. The e�ect of this motion on any

point p of the scene is obtained by applying ≠t then R€ such that pÕ = R€(p ≠ t).

In 3D, considering t = (TX , TY , 0)€, we have

pÕ =

Q

cccca

X Õ

Y Õ

Z Õ

R

ddddb
=

Q

cccca

cos(◊) sin(◊) 0

≠ sin(◊) cos(◊) 0

0 0 1

R

ddddb

Q

cccca

X ≠ TX

Y ≠ TY

Z

R

ddddb
. (5.5)

Following classical projection rules [123], image coordinates (x, y) are then given by x = f X

Z0

and y = f Y

Z0
, where f is the distance from the camera center to the image plane, and Z0 is

the distance to the scene plane.

Multiplying (5.5) by f

Z0
, then restricting the coordinates to the first two ones gives:

Q

ca
xÕ

yÕ

R

db =

Q

ca
cos(◊) sin(◊)

≠ sin(◊) cos(◊)

R

db

Q

ca
x ≠ tx

y ≠ ty

R

db , (5.6)

where tx = f TX
Z0

, and ty = f TY
Z0

. By denoting R(2) the 2D rotation matrix of angle ◊ and

t(2) = (tx, ty)€, the e�ect of any planar camera motion R, t on any point p(2) of the image is

thus given by p(2)Õ = R(2)€(p(2) ≠ t(2)), where p(2)Õ is the image of p(2) under the transfor-

mation.

We finally denote „(I)
R,t

the e�ect of the camera motion on an image x1, resulting in another

image x2, i.e., x2 = „(I)
R,t

x1.

In what follows, we prove that the image transformation due to planar motions of the

camera commute with the projection operator P in Figure (5.3). Indeed, applying a planar

motion R1, t1 followed by a second one R2, t2 to the camera, has the following e�ect on any

point p of the scene:

pÕ = R€
1 (p ≠ t1) ,
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Figure 5.3: Equivariance map – Camera planar motion transformations of planar scenes
(S1 ‘æ S2, first column), images (x1 ‘æ x2, second column) and features (v1 ‘æ v2, third
column) induce representations of SE(2). In other words, these transformations commute
with scene projector P and feature extractor F .

then

pÕÕ = R€
2

!
pÕ ≠ t2

"

= R€
2

1
R€

1 (p ≠ t1) ≠ t2
2

= R€
2

1
R€

1 p ≠ R€
1 t1 ≠ t2

2

= R€
2 R€

1 (p ≠ (t1 + R1t2))

= R€
3 (p ≠ t3) ,

by denoting Y
_]

_[

R3 = R2R1

t3 = t1 + R1t2.

Indeed, 2D rotations commute, thus R1R2 = R2R1.

Similarly, one can easily observe that combining two camera motions has a similar e�ect

on any point p(2) of the image:

p(2)Õ = R(2)
1

€ 1
p(2) ≠ t(2)

1

2
,
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Figure 5.4: From planar to 3D motions – (Figure reproduced from [124]): (a) S(1), (b)
SO(3)/SO(2) ƒ S(2) , (c) SE(3) = R

3
o SO(3).
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2 .

Therefore,

„(I)
(R2,t2)¶(R1,t1) = „(I)

R3,t3
= „(I)

R2,t2
¶ „(I)

R1,t1
. (5.7)

This proves that the correspondence from R, t to „(I)
R,t

is a group homomorphism from SE(2).

In other words, the set of „(I)
R,t

, where R, t œ SE(2), is the image of a representation of SE(2)

into the image space.

E�ects of Camera Planar Motions on Features. We herein consider an SE(2)-equivariant

CNN-based feature extractor F . For the sake of clarity and simplicity, we discard the dis-
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creteness of numerical images and consider their supports as continuous.

Classical convolutional layers are only equivariant to the translation group (R2, +). Indeed,

at each layer l, a conventional CNN takes as input a stack of intermediate feature maps v(l) :

R
2 æ R

K
(l) and convolves it with a set of K(l+1) filters Â(l) : R2 æ R

K
(l) . Therefore we have

’t(2) œ R
2,

1
(„

t(2)v) ú Â(l)
2

(.) =
1
„

t(2)

1
v ú Â(l)

22
(.), (5.8)

where „
t(2) are images of t(2) under representations of (R2, +). In other words, if the input

image is translated, the output feature map translates in the same way. However, in general,

the same is not true for rotations, i.e. if the input image is rotated, the output feature map

will not be rotated accordingly. The work in [41] has extended CNN equivariance to the SE(2)

group, i.e. the group of continuous rotations and translations in R
2, the image domain.

By replacing the translation group equivariance of classical CNNs by equivariance to SE(2),

such particular CNNs can then be characterized by the following equation:

’R(2), t(2) œ SE(2),
11

„R(2),t(2)v
2

ú Â(l)
2

(.) =
1
„R(2),t(2)

1
v ú Â(l)

22
(.),

(5.9)

where „R(2),t(2) are images of R(2), t(2) under representations of SE(2). In particular, consid-

ering the last convolutional layer output, we obtain that feature extraction F and Euclidean

transformations of images commute.

Finally, the camera motion transformations of both images and features induce representa-

tions of SE(2). As a result, the image and feature spaces explicitly encode the planar motions

of the camera.

5.4.2 From SE(2) to SE(3)

After demonstrating how an SE(2)-equivariant CNN can induce representations of planar

camera motions directly into the feature space, we herein discuss how these features, which are

equivariant to planar camera motions, i.e., in SE(2), are leveraged for general pose regression

in SE(3).
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Figure 5.5: E-PoseNet - Our pose regression pipeline leverages a roto-translation equivari-
ant ResNet18 [125] backbone, two fully connected Multilayer Perceptrons (MLP) for lifting
the features to a higher dimensional space, followed by two branches for separately regressing
the position and orientation of the camera.

Indeed, SE(2)-equivariant features extracted with F , are now to be mapped to camera

poses in SE(3) via “ := P·E . This is the last step towards finding P(x), as defined in equation

(5.3) 1.

The SE(3) group may be written as a semidirect product SE(3) = R
3
oSO(3), and similary for

SE(2) = R
2
o SO(2). We may therefore restrict the discussion to the mapping “ú : SO(2) æ

SO(3) [124, 103]. We rely on the observation that the quotient space SO(3)/SO(2) ƒ S(2) is

the sphere in 3D, where ƒ denotes a homeomorphism.

For every point on S(2), it is possible to move to another point via a rotation. S(2) is

consequently a homogeneous space for SO(3), and SO(3) can be seen as a bundle of elements

of S(1), i.e., planar circles on S(2), for which a continuous mapping “ú exists [124]. These

mappings, “ú, directly relate to “ by composing with translations. Figure (5.4) illustrates

how the planar rotations around a fixed axis Figure (5.4)(a) can be viewed as local patches on

the sphere in 3D Figure (5.4)(b); thus, relating to rotations in 3D, and finally how this may

be generalized to full rigid motions by translation as shown in Figure (5.4)(c). The mapping

“ is learned as part of the end-to-end APR.

Intuitively, one can interpret this as an approximation of the space of camera poses by

a finite set of learned ones, with feature equivariance used to generalize and extend the

coverage within the space. Indeed, an SE(2)-equivariant model is capable of generalizing
1For the sake of clarity, and without loss of generality, we drop the bias b in this discussion.
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from each learned pose to every poses that preserve the image plane (i.e. z-rotated and x,y-

translated versions of the original camera). In other words, instead of learning some cropped

image planes like classical CNNs do, relying on an SE(2)-equivariant CNN rather consists

in learning several infinite image planes, therefore providing a denser coverage of the scene

space.

5.5 Proposed E-PoseNet

This section gives an overview of our proposed equivariant pose regression model, E-PoseNet.

To be able to assess how explicitly encoding pose information into the feature space can

result in a more accurate and data-e�cient pose regressor, we proceed from the architecture

of PoseNet [105]. We follow the same pipeline, except that we substitute the GoogLeNet

backbone by an SE(2)-equivariant [41] version of ResNet [125], to extract both translation

and rotation-equivariant features. The resulting model is presented in Figure (5.5).

Network Architecture. E-PoseNet is composed of a roto-translation equivariant ResNet18

backbone, two fully connected Multilayer Perceptrons (MLP) for lifting the features to a

higher dimensional space, followed by two branches for separately regressing the position

and orientation of the camera. Each branch consists of an independent fully-connected MLP

head.

SE(2)-Equivariant Backbone. Our backbone, i.e., feature extractor F , is an SE(2) roto-

translation equivariant version of ResNet. Specifically, we use the e2cnn [41] implementation

for E(2)-equivariant convolution, pooling, normalization, and non linearities, to build an

equivariant ResNet18.

To decrease the computational cost, we discretize the SE(2) group making the model only

equivariant to the
!
R

2, +
"
oCN group, meaning all translations in R

2 and rotations by angles

multiple of 2fi

N
. Extracted features are now rotation-equivariant feature maps V with the size

(K ◊ N ◊ H ◊ W ), where K is the number of channels, N the number of feature orientations

(for our model we used N = 8), and H, W respectively, the height and width.

In addition to classical translation information, obtained features thus encode rotation infor-
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mation that can enhance the pose regression. Furthermore, equivariance to broader trans-

formations constrains the network in a way that can aid generalization, especially due to the

weights shared under image rotations [38]. Finally, this rotation-equivariant ResNet shows a

significant reduction in model size, about 1/N parameters compared to the regular ResNet

architecture, to obtain the same feature size. Indeed, the size of classical feature maps is in

the form (K ◊ H ◊ W ).

Loss Function. To regress camera poses, we use the loss function introduced in [115], and

defined as:

LP = Lt exp (≠st) + st + LR exp (≠sR) + sR, (5.10)

where the position loss Lt = Ît0 ≠ tÎ2 , and the orientation loss LR =
...q0 ≠ q

ÎqÎ2

...
2

, are com-

puted from predicted (q,t) and groundtruth (q0,t0) camera poses, considering the quaternion

representation for orientations. st, sR are learned parameters.

5.6 Experiments and Analysis

The proposed method aims to improve APR accuracy by utilizing an equivariant feature

extraction backbone able to learn geometry-aware feature maps. We first show the ef-

fect of SE(2)-equivariant models on rotated feature maps using samples from the T-Less

dataset [126]. Then, we benchmark our proposed E-PoseNet on two datasets for both indoor

and outdoor camera localization.

Equivariance analysis on T-Less. In this study, we use a sequence of ‘object 5’ from

the T-less training dataset [126]. With only one textureless symmetric object present in the

scene and undergoing continuous rotations, this sequence represents an ideal case for testing

the impact of the di�erent rotation parametrization and channeling. To assess the e�ect of

equivariance, our backbone is made of 10 convolution layers with kernel size equal to 2, ELU

non-linearity and Max Pooling downsampling every two layers with kernel size equal to 2.

Di�erent degrees of equivariance were tested, namely, Classical CNN ”translation equivari-

ant”, Equivariant 90° (N=4), Equivariant 45° (N=8), Equivariant 18° (N=20), Equivariant

10° (N=36), and finally the Equivariant SO(2). Equivariant models are generated based
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Figure 5.6: Extracted feature maps - di�erence between: (b) equivariant CNN and (c)
classical CNN. The used samples (a) are from the T-LESS Dataset [126].

on e2cnn implementation [41]. We trained the model on one sequence only, without any

data augmentation and for 100 epochs. Number of parameters, optimizer, learning rate and

random seeds were fixed.

The di�erence between rotation-equivariant and classical CNN features is highlighted in Fig-

ure (5.6). By using images with di�erent orientations Figure (5.6)(a) as input, the same

transformation links extracted feature maps from di�erent stages of the model (b). In con-

trast, this is not the case with the classical CNN where the obtained feature maps are not

rotated versions of each other (c).

Figure (5.7) reports the proportion of samples for which the predicted pose error is below

10cm, 10°. We observed that increasing the level of equivariance, i.e., decreasing the discrete

sampling angle, leads to increasing the performance of the pose estimation model. Further-

more, the best reported performance has been achieved by the SO(2) continuous rotation

equivariance. The metric used here does not follow the standard T-LESS metric since it is

only used for model variants comparison.
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Figure 5.7: Equivariant models comparison - On sequence of ‘object 5’ from the T-
less train dataset [126], we can see the increase in the model accuracy when increasing the
equivariant group.

Datasets.

Cambridge Landmarks – We use this dataset [105] to evaluate the performance of E-

PoseNet in outdoor camera relocalization. It is a large scale dataset taken around Cambridge

University, containing original videos labelled with 6-DoF camera poses and a visual recon-

struction of the scene (spatial extent of ≥ 900 ≠ 5500m2). We train and evaluate E-PoseNet

on four scenes (see Table (5.1)). Furthermore, a few samples are used to visualize the obtained

E-PoseNet feature fields. Figure (5.8) shows that they directly support representations of

SE(2) and are therefore enriched with some notion of orientation, visualized in a vector field

form. On the contrary classical CNNs do not encode geometric information directly into their

feature space.

7-Scenes – For indoor camera localization, we use the 7-Scenes dataset [136] which is a

collection of tracked RGB-D camera frames for indoor scenes with a spatial extent of ≥

1 ≠ 10m2. Only RGB images are used in our experiments.
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King’s College Old Hospital Shop Facade St. Mary
DenseVLAD + Inter. (Baseline)[127] 1.48/4.45 2.68/4.63 0.90/4.32 1.62/6.06
PoseNet (PN)[105] 1.92/5.40 2.31/5.38 1.46/8.08 2.65/8.48
PN learned weights [115] 0.99/1.06 2.17/2.94 1.05/3.97 1.49/3.43
BayesianPN [128] 1.74/4.06 2.57/5.14 1.25/7.54 2.11/8.38
LSTM-PN [129] 0.99/3.65 1.51/4.29 1.18/7.44 1.52/6.68
SVS-Pose [130] 1.06/2.81 1.50/4.03 0.63/5.73 2.11/8.11
GPoseNet [131] 1.61/2.29 2.62/3.89 1.14/5.73 2.93/6.46
MapNet[108] 1.07/1.89 1.94/3.91 1.49/4.22 2.00/4.53
IRPNet [132] 1.18/2.19 1.87/3.38 0.72/3.47 1.87/4.94
MS-Transformer [133] 0.83/1.47 1.81/2.39 0.86/3.07 1.62/3.99
TransPoseNet [134] 0.60/2.43 1.45/3.08 0.55/3.49 1.09/4.99
E-PoseNet (Ours) 0.95/1.63 1.43/2.64 0.60/2.78 1.00/3.16

Table 5.1: Comparative analysis of pose regressors on Cambridge Landmarks
dataset (outdoor localization) [105] - We report the median position/orientation er-
ror in meters/degrees for each method. Best results are highlighted in bold.

Chess Fire Heads O�ce Pumpkin Kitchen Stairs
DenseVLAD + Inter.[127] 0.18/10.0 0.33/12.4 0.15/14.3 0.25/10.1 0.26/9.42 0.27/11.1 0.24/14.7
PoseNet (PN) [105] 0.32/8.12 0.47/14.4 0.29/12.0 0.48/7.68 0.47/8.42 0.59/8.64 0.47/13.8
PN learned weights [115] 0.14/4.50 0.27/11.8 0.18/12.1 0.20/5.77 0.25/4.82 0.24/5.52 0.37/10.6
BayesianPN [128] 0.37/7.24 0.43/13.7 0.31/12.0 0.48/8.04 0.61/7.08 0.58/7.54 0.48/13.1
LSTM-PN [129] 0.24/5.77 0.34/11.9 0.21/13.7 0.30/8.08 0.33/7.0 0.37/8.83 0.40/13.7
GPoseNet [131] 0.20/7.11 0.38/12.3 0.21/13.8 0.28/8.83 0.37/6.94 0.35/8.15 0.37/12.5
GeoPoseNet [115] 0.13/4.48 0.27/11.3 0.17/13.0 0.19/5.55 0.26/4.75 0.23/5.35 0.35/12.4
MapNet [108] 0.08/3.25 0.27/11.7 0.18/13.3 0.17/5.15 0.22/4.02 0.23/4.93 0.30/12.1
IRPNet [132] 0.13/5.64 0.25/9.67 0.15/13.1 0.24/6.33 0.22/5.78 0.30/7.29 0.34/11.6
AttLoc [135] 0.10/4.07 0.25/11.4 0.16/11.8 0.17/5.34 0.21/4.37 0.23/5.42 0.26/10.5
MS-Transformer [133] 0.11/4.66 0.24/9.60 0.14/12.2 0.17/5.66 0.18/4.44 0.17/5.94 0.26/8.45
TransPoseNet [134] 0.08/5.68 0.24/10.6 0.13/12.7 0.17/6.34 0.17/5.60 0.19/6.75 0.30/7.02

E-PoseNet (Ours) 0.08/2.57 0.21/11.0 0.16/10.3 0.15/6.80 0.16/3.82 0.20/6.81 0.24/9.92

Table 5.2: Comparative analysis of pose regressors on the 7-Scenes dataset (indoor
localization) [136] - We report the median position/orientation error in meters/degrees for
each method. Best results are highlighted in bold.

Finally, the two datasets present various challenges, i.e., occlusion, reflections, motion blur,

lighting conditions, repetitive textures, and variations in viewpoint and trajectory.

Comparative Analysis of Camera Pose Regressors. We compare the performance of

E-PoseNet with state-of-the-art APR methods for camera localization in both outdoor and

indoor scenes. First, we tested the performance on the Cambridge Landmarks dataset, for

which we provide the median position and orientation errors in Table (5.1). We also compare

the performance of E-PoseNet with respect to the state-of-the-art monocular pose regressors

reporting on the 7-Scenes dataset. Table (5.2) contains the results. From the results on

both datasets, and in comparison with APR methods, we conclude that the proposed E-

PoseNet achieves the lowest location error across all the outdoor and indoor scenes, and
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Figure 5.8: Feature visualization for Cambridge Landmarks - Visualization of samples
images from the Cambridge Landmarks dataset [105] (left), along with their respective SE(2)
group representations learned by E-PoseNet (right).

the lowest orientation error across the majority of them. It also competes with most recent

transformer-based architectures [133, 134] on these datasets.

Implementation Details. We tested di�erent architectures for the equivariant backbone,

with ResNet18 being the most suitable model in our experiments, from both model size

and performance perspectives. We trained our model for 5 ≠ 10k epochs using Adam opti-

mizer [137], with —1 = 0.9, —2 = 0.999, ‘ = 10≠5 and a batch size of 256. During the training

phase, we rescaled the image so that its smaller length is 256 pixels followed by a random

224 ◊ 224 crop. No further data augmentation was used.
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Limitations. While we focus on introducing equivariant operations for the feature extraction

part of the APR pipeline, the following stages (i.e. embedding, regression) do not have

the same property, resulting in breaking the equivariance of the overall pipeline. Another

limitation of the proposed APR model is the longer time required for equivariant CNN models

as compared to classical CNN ones. Note that this is only during training, while the inference

time is similar for both types of models.

5.7 Conclusions

This chapter presents a new direction for the problem of camera pose regression leveraging

equivariant features to encode more geometric information about the input image. By using

an SE(2)-equivariant feature extractor, our model is able to outperform existing methods

on both outdoor and indoor benchmarks. Furthermore, we conclude that the equivariant

properties of deep learning models that are used for geometric reasoning o�er a promising

direction for reaching the potential of absolute pose regression.
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Chapter 6

SEPNet: Spacecraft Equivariant

Pose Estimation Network

In this chapter, we demonstrate the application of our novel Equivariant-Pose Net, introduced

in Chapter (5), to the specific problem of spacecraft pose estimation. This application is

crucial within the realms of Space Situational Awareness and on-orbit servicing, where precise

pose estimation is a fundamental requirement.

Spacecraft pose estimation is a critical challenge in orbital missions, imperative for the

success of docking operations and maneuvering activities. In this chapter, we introduce the

Spacecraft Equivariant PoseNet (SEPNet), a deep learning model specifically tailored for

enhancing spacecraft pose estimation. SEPNet is designed to address the shortcomings of

traditional end-to-end methods and classical CNNs, which often struggle to accurately process

the geometric complexities inherent in pose estimation tasks.

SEPNet distinguishes itself by focusing on translation and rotation equivariance, thereby

directly incorporating camera motion representations into its feature space. This approach

facilitates more e�cient use of data and obviates the necessity for cumbersome intermediate

representations often required in other models. Through rigorous validation against standard

datasets, SEPNet demonstrates not only improved accuracy in pose estimation but also more

e�cient architectural framework. Its performance in accurately determining spacecraft poses,

94



particularly in challenging space environments, underscores SEPNet’s potential as a pivotal

tool in advancing the capabilities of orbital missions and on-orbit services.

6.1 Introduction

Traditional pose estimation techniques for spacecraft, grounded in 3D geometric principles,

determine the spacecraft’s orientation and position. With the advent of Deep Learning (DL),

Direct Pose Regression (DPR) emerged, o�ering advantages such as simplicity, reduced com-

putational overhead, and end-to-end learning, wherein the entire neural network directly

maps the input to the 6-DoF pose. This end-to-end approach harnesses the power of DL to

encapsulate complex relationships inherent in space dynamics.

However, while DPR methods can provide faster inference crucial for real-time orbital

adjustments and are less prone to overfitting on intermediate tasks, they sometimes may not

match the accuracy levels of traditional 3D geometric methods [89]. Multi-stage methods, in

contrast, can accumulate errors from one stage to another, where an error at an early stage

might escalate in subsequent stages. Yet, DPR eliminates the potential for such accumulative

errors by aiming to predict the pose in a single step.

Given the increasing importance of specialized orbital missions like OOS and ADR, the

accuracy in pose estimation is paramount. Minor inaccuracies could culminate in mission

failures, endangering existing space assets. Recognizing these challenges, this chapter en-

deavors to bridge the gap, addressing the inherent limitations of current DPR methodologies,

while also aim for lightweight models apt for resource-constrained space missions.

In Chapter (5), we presented the emerging significance of incorporating equivariance in

neural network architectures, particularly for DPR.

This technique allowed for encoding richer geometric information about the input im-

age. The underlying premise that using equivariant features in DL models can substantially

enhance geometric reasoning has exciting implications for 6-DoF object pose estimation.

Despite the promising advancements in the field, applying deep equivariant features in

the context of spacecraft pose estimation remains largely uncharted territory.
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In this light, this chapter embarks on a first-of-its-kind exploration to investigate and

justify the use of deep equivariant features for spacecraft pose estimation. Our work aims

to bridge this gap, o�ering a new lens through which to view and address the challenges of

accurate and e�cient pose estimation, especially in resource-constrained environments.

Contributions. Our key contributions can be summarized as follows:

(1) We propose lightweight equivariant G-CNN for spacecraft pose estimation.

(2) We o�er an explanation for the advantages of using equivariant features and models in

space missions.

(3) We present an extensive experimental evaluation of our model, comparing its performance

against existing methods using standard datasets for spacecraft pose estimation.

Chapter Organization. The remainder of this chapter is organized as follows:

In Section (6.2), we provide an overview of current state-of-the-art methods and the

role of DL based methods in spacecraft pose estimation. Section (6.3) presents the formal

definitions and mathematical formulations of equivariance and DPR within the context of

spacecraft pose estimation. Extensive experimental validation of our model is discussed in

Section (6.5), which also includes a discussion of its limitations. Finally, Section (6.6) o�ers

conclusions and directions for future research.

6.2 Related Work

The widespread adoption of CNNs in the domain of spacecraft relative pose estimation has

been particularly noticeable in recent years. This trend is largely attributed to notable chal-

lenges like the Satellite Pose Estimation Challenge (SPEC) [138, 139], organized by Stanford

University’s Space Rendezvous Laboratory (SLAB) and the European Space Agency’s Ad-

vanced Concepts Team (ACT), as well as the SPARK Challenge described in Chapter (3.4).

In these competitions, most participants opted for DL based methods. The SPEC, for in-

stance, used the Spacecraft Pose Estimation Dataset (SPEED) [140, 141] to benchmark the

performance of various algorithms.
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Algorithms for spacecraft pose estimation utilizing DL can generally be classified into

two major categories: (1) Hybrid Modular Approaches and (2) Direct Pose Regression Ap-

proaches. Hybrid Modular Approaches meld classical computer vision techniques with multi-

ple deep-learning models to estimate pose. Conversely, Direct Pose Regression Methods rely

solely on a singular DL model, trained in an end-to-end manner, for estimating the pose [23].

6.2.1 Hybrid Modular Approaches

Hybrid Modular Approaches for spacecraft pose estimation combine DL models with con-

ventional computer vision techniques. Typically, these methods progress through three core

stages:

(1) Spacecraft Localization: The apparent size of the spacecraft in the image can fluctuate

considerably based on the relative distance between the chaser and target spacecraft. Such

scaling variations can adversely influence pose estimation accuracy. To adress this, spacecraft

localization employs DL powered object detection frameworks to demarcate the spacecraft

within the image. For instance, Chen et al.. [142, 20] utilized Faster-RCNN [143] with

an HRNet-W18-C [144] backbone for this purpose, while Gerard et al.. [145] and Park et

al.. [146] employed YOLOv3 [147] with respective MobileNetV2 [148] and DarkNet-53 [147]

backbones. Also in Gaudillière et al.. [149] we proposed regressing the parameters of a

3D-aware Gaussian implicit occupancy function in an entirely di�erentiable fashion.

(2) Keypoint Prediction: In this stage, DL models predict the 2D projections of a prede-

fined set of 3D keypoints within the localized regions of the spacecraft. These keypoints either

stem from the spacecraft’s CAD model or are reconstructed using techniques like multi-view

triangulation or Structure from Motion (SfM). Chen et al.. [142] harnessed Pose-HRNet-W32

for keypoint prediction, whereas Wang et al.. [150] leveraged a transformer-based keypoint-

set predictor with a ResNet50 [151] backbone. Alternatively, Gerard et al. [145] adopted

YOLOv3 with a segmentation and regression decoder branch.

(3) Pose Computation: This conclusive stage calculates the spacecraft’s pose from the

predicted 2D keypoints and their corresponding 3D landmarks. Established algorithms like

RANSAC [152] are frequently used to discern and discard outliers. For the actual pose
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computation, techniques such as IterativePnP and EPnP [153] are prevalent. Some recent

innovations, like the work of Chen et al. [142], incorporated PnP with RANSAC, which is

further refined with a geometric loss optimized using the SA-LMPE optimizer. In contrast,

Wang et al.. [150] used EPnP [153] with RANSAC, followed by a Levenberg–Marquardt [154]

refinement step.

6.2.2 Direct Pose Regression Approaches

The ascent of DL techniques, particularly CNNs, has led to a surge of interest in their

application to DPR for spacecraft. The initial wave of this trend was catalyzed by the

work of Kendall et al.. [105], who employed the GoogLeNet architecture [106] for feature

extraction and added a regression layer to estimate the 6-DoF pose of spacecraft. Subsequent

advancements have primarily focused on refining the feature extraction architectures [105,

108], tailoring objective functions [109, 110, 111], and incorporating intermediate geometric

representations [112, 113].

In the realm of spacecraft pose estimation, direct methods that utilize a single DL model

for end-to-end pose regression have become increasingly significant. These approaches elim-

inate the need for intermediate computational steps, such as object detection or keypoint

localization, and they also alleviate the necessity for additional external data like camera

calibration parameters or 3D models of the spacecraft.

For instance, a study by Phisannupawong et al. [155] deployed a GoogLeNet-based ar-

chitecture to directly regress a 7D pose vector. Their research indicated that employing a

weighted Euclidean-based loss function during the training phase was more e�ective than

using an exponential loss function, especially for orientation estimation.

Taking an alternative route, Sharma et al.. [80] introduced an innovative approach that

involved discretizing the pose space into specific classes. They applied an AlexNet-based

convolutional neural network to classify images of spacecraft into these discretized pose labels.

However, this method had its limitations in terms of scalability and the requirement for

further pose refinement.

To address these challenges, Sharma et al. [156] later developed the Spacecraft Pose
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Network (SPN), a comprehensive model featuring multiple sub-branches. Each sub-branch

served a unique purpose, such as spacecraft localization, orientation classification, and even

weight calculation for orientation classes. The model then synthesized these outputs to refine

the final spacecraft pose.

Similarly, Proença et al. [62] proposed URSONet, which was built on a ResNet-based back-

bone and separated into two branches for the estimation of position and orientation. They

also introduced a continuous orientation estimation method that employed soft-assignment

coding, significantly improving the accuracy of orientation predictions. This was later op-

timized into a mobile-friendly variant known as Mobile-URSONet [157], which drastically

reduced the model’s size without sacrificing performance.

Recent advancements in the field include SPNv2 [141], a model that specifically tackles

domain generalization issues by employing multi-task learning. The architecture features

a shared feature extractor followed by multiple prediction heads for tasks like spacecraft

presence classification, bounding box prediction, and pose estimation.

In a comprehensive study, Sattler et al. [89] highlight that the existing DPR methods

approaches often fail to e�ectively exploit projective geometric principles. Instead, they

predominantly rely on learning a direct mapping from images to ground truth poses, often

expressed as a combination of a set of reference poses.

To improve the accuracy of DPR, this chapter focuses on harnessing the capabilities of

SE(2)-equivariant CNN-based feature extractors.

6.3 Preliminaries

This section lays down the essential mathematical groundwork needed for this chapter.

We begin by defining the rigid body transformation between chaser camera C and target

B, then move on to the general framework for DPR, and finally discuss the importance of

equivariant features in this context.

Notation. The following notation will be adopted in the chapter: vectors and column images

are denoted by boldface lowercase letters x, matrices by uppercase letters X, scalars by italic
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letters x or X, functions as X and spaces as X. The Special Orthogonal group, the Euclidean

group, and the special Euclidean group, of dimension n, are denoted as SO(n), E(n) and

SE(n), respectively.

The transformation from the target spacecraft frame B to the camera frame C can be

represented as a rigid body transformation TBC in SE(3):

TBC =

S

WU
RBC tBC

0T 1

T

XV , (6.1)

where TBC œ SE(3).

- RBC œ SO(3) is the rotation matrix that aligns the coordinate frame of C with that of

B. In this chapter we will use unit quaternion qBC for representing this rotation.

- tBC œ R
3 is the translation vector that maps the origin of C to the origin of B.

The action of TBC on a point p in frame C to transform it into frame B is given by:

pB = TBCpC = RBCpC + tBC . (6.2)

Direct Pose Regression for Spacecraft Pose Estimation

In the context of estimating the pose of spacecraft, we follow the same formulation pre-

sented in Chapter (5), Section (5.3).

Here, the image x , captured by the camera on the chaser spacecraft, is first processed

by the feature extractor F . The extracted features are then elevated to a higher-dimensional

space through a nonlinear embedding function E . This is followed by a linear projection,

represented by matrix P, into the 6-DoF pose space. Finally, a bias term b is added to

complete the pose estimation.

As highlighted in Section (6.2) the traditional DPR methods are often better suited for

pose approximation via image retrieval rather than for accurate pose estimation that lever-

ages the 3D geometric structure. This observation underscores the need for more advanced

methods in spacecraft pose estimation to bridge this accuracy gap.
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Invariant and Equivariant Features

In the context of a captured image x from a camera, a DPR system P estimates the

spacecraft’s 6-DoF pose, which encompasses both its position and orientation relative to the

camera.

The central hypothesis in Chapter (5) is that the limited geometric information in con-

ventional CNN features contributes to this gap. While classical CNNs predominantly operate

on a statistical perception basis, pose estimation inherently involves geometrical estimation.

To address this, the proposal involves replacing the standard convolutional layers in the

feature extractor F with group-equivariant layers. The impact of this change on both the

accuracy and data e�ciency of the model is then assessed.

With the assumption that F is equivariant to a group G and conforms to (Definition 2),

applying the transformation „(I)
g to the image x modifies the pose regression function P as:

P(„(I)
g x) = b + P · E

1
„(F)
g v

2
, (6.3)

where v = F(x).

This highlights a direct correlation between actions of G on the image and resultant e�ects

in the latent space. Specifically, transformations in camera motion (i.e., changes in camera

pose) induce explicit actions on the feature vector v, and implicitly on the regressed pose.

By considering groups like SE(2) or SE(3), is posited that these equivariant features could

significantly enhance the performance of DPR systems.

6.4 Method

Our work employs an CNN-based feature extractor equivariant to group G, denoted as FG.

The aim is to explore how encoding poses information explicitly into the feature space can

improve the accuracy of spacecraft pose estimation, narrowing the gap in the field.

Our model follows the approach proposed in (5) for implementing and training our neural

network models.
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6.4.1 Motivation

The foundational principle behind G-CNNs is that of template matching of rotated versions of

the same filter as illustrated in Figure (2.5), a process wherein a predefined kernel undergoes

transformations as defined by a mathematical group and is then subjected to an inner-product

operation under all possible group transformations [38].

This procedure culminates in generating higher-dimensional feature maps, essentially

functions constructed over the transformation group. These elevated feature spaces could

a subsequent, more advanced level of template matching, thereby facilitating the identifica-

tion of complex geometric relationships among features at diverse relative poses.

Notably, G-CNNs are constructed using equivariant layers, which utilize weight sharing

to ensure computational e�ciency.

In addition, these networks incorporate pooling layers specifically designed to achieve

invariant properties. Integrating these advanced computational techniques implies that G-

CNNs hold considerable promise as a powerful tool for enhancing the accuracy and reliability

of spacecraft pose estimation algorithms.

6.4.2 SEPNet for Spacecraft Pose Estimation.

SEPNet model, follow the same model architecture proposed in Chapter (5), adapted for

spacecraft pose estimation. SEPNet backbone is an SE(2)-equivariant version of ResNet

[125, 41] to capture both translational and rotational features that directly correlated to the

spaceraft pose.

Loss Function. For regressing the pose of the spacecraft, we employ a loss function as

defined in [115]:

LP = Lt exp(≠st) + st + LR exp(≠sR) + sR, (6.4)

In the context of spacecraft pose estimation, the pose is characterized by a relative position
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Figure 6.1: Visual Representation of the Pose Regression Process: Starting with
an initial image input, the system employs SE(2) coordinate lifting to elevate the image
to a relevant coordinate system. This is then passed through an SE(2)-equivariant ResNet
backbone for feature extraction. Post this stage, the model learns a rotation-aware feature
map to accentuate rotationally important aspects of the image. Finally, the system splits
into two distinct branches for precise regression of both the camera’s position and orientation,
ensuring comprehensive camera pose determination.

vector tBC and a unit quaternion qBC . Specifically, tBC represents the coordinates of the

origin of frame B in the frame C, while qBC denotes the unit quaternion that defines the

rotation necessary to align frame B with frame C.

The positional loss Lt = Ît0 ≠ tÎ2 and the orientational loss LR =
...q0 ≠ q

ÎqÎ2

...
2

are com-

puted based on the predicted (q, t) and ground truth (q0, t0) poses of the spacecraft, utilizing

quaternion representation for orientations. The terms st and sR are trainable parameters.

6.5 Experiments and Analysis

The primary objective of our work is to study the potential benefits of explicitly encoding

pose information into the feature space, thereby aiming to augment the accuracy of spacecraft

pose estimation.
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6.5.1 Datasets

The SPEED dataset [156] o�ers a comprehensive collection of high-resolution grayscale

images (1920 ◊ 1200 pixels) of the Tango spacecraft, comprising 15,000 synthetic and 300

real images. This dataset, developed in the advanced TRON facility, features a full-scale

spacecraft mockup, sophisticated lighting simulations, and a seven-degree-of-freedom robotic

camera arm, ensuring high accuracy in pose labels through calibration with Vicon camera

systems. The SPEED dataset, while rich in synthetic data, underscores the challenges in

acquiring real satellite imagery in orbit, as evidenced by its limited real-image collection.

Specifically, the SPEED dataset is divided into training (12,000 synthetic, 5 real), validation

(no specific split), and test (2,998 synthetic, 300 real) subsets.

Building on this, the SPEED+ [141] dataset marks a significant expansion in satellite

pose estimation research. It not only adds 59,960 synthetic images but also introduces 6,740

Hardware-in-the-Loop (HIL) images, elevating the quality of illumination simulations and

label accuracy. The SPEED+ dataset which serves as a basis for Satellite Pose Estimation

Challenge, includes a training set with 47,966 synthetic images, a validation set with 11,994

synthetic images, and a test set comprising 6,740 synthetic images along with 2,791 images

under Lightbox and Sunlamp conditions. This augmented dataset is a robust platform for

developing and testing machine learning models, aimed at enhancing the precision of pose

estimation techniques under diverse and challenging conditions.

6.5.2 Metrics

In the process of computing the pose score, two primary steps are involved. Initially, the

scores related to orientation and position are calculated separately. The position error for

a given image, denoted as i, is determined by the disparity between the estimated position

vector and the actual (ground truth) position vector for each image from the dataset. This

error is normalized against the actual distance of the satellite from the observer, expressed

as:

err(i)
position =

---r(i)
gt

≠ r(i)
est

---
2---r(i)

gt

---
2

. (6.5)
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Figure 6.2: Extracted Feature Maps: Comparison between (b) Equivariant and (c)
Classical CNN features. The test samples (a) is from the SPEED+ dataset.

The orientation error is quantified as the angular di�erence required to align the estimated

and actual orientations. This is mathematically represented as:

err(i)
orientation = 2 · arccos

1---
e
q(i)

est , q(i)
gt

f---
2

. (6.6)

Consequently, the pose score for an image i is computed as the aggregate of its orientation

and position scores:

score(i)
pose = score(i)

orientation + score(i)
position . (6.7)

Finally, the overall score is calculated as the mean of the pose scores across all images N

in the test set:
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score = 1
N

Nÿ

i=1
score(i)

pose . (6.8)

6.5.3 Comparative Analysis of Spacecraft Pose Estimation Methods

In our experiments, we conducted a thorough assessment of our model’s performance in spac-

eraft pose determination, comparing it against leading DPR techniques using the SPEED and

SPEED+ datasets. We recorded the mean position and orientation errors, which are detailed

in Table (6.1). Our analysis, which took into account both the datasets’ characteristics and

the various DPR, revealed that our model not only yields competitive results but also benefits

from a smaller model size. Moreover, when juxtaposed with the latest models mentioned in

recent surveys, such as in Pauly et al. [23], our model holds its ground, showcasing compara-

ble, if not superior, performance.

This results underscores a substantial advancement in optimizing accuracy while concur-

rently mitigating computational resource demands. A particular result worthy of emphasis

is the marked elevation in pose estimation accuracy observed, especially under challenging

conditions, thus exemplifying the robustness inherent in our method.

A visual representation of the value of utilizing group equivariant CNN in Figure (6.2),

elucidates the enhanced performance of our method in comparison to the baseline DPR

method.

In our study, we also conducted a comparative analysis of di�erent model architectures,

namely equivariant ResNet models, named EResNet18, EResNet34, and EResNet50, focusing

on how changes in model size a�ect performance. We observed a clear trend: as the model

size increases, there is a corresponding improvement in model accuracy. This relationship

between model size and accuracy is depicted in the accompanying Figure (6.3).

6.6 Conclusion

This chapter presents the Spacecraft Equivariant PoseNet (SEPNet) model, a deep learning

approach for spacecraft pose estimation. SEPNet incorporates SE(2)-equivariant convolu-
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Figure 6.3: Performance comparison of various EResNet architectures (EResNet 18,
EResNet 34, and EResNet 50) on two distinct data sources from SPEED+ dataset: Sunlamp
and Lightbox. Each point represents the test score for orientation, pose, and position metrics.
The results highlight the varying performance of the models across metrics and dataloaders,
emphasizing the importance of architecture choice in relation to the specific dataset under
consideration.
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Reference Parameters (millions) Mean position error (Et) (m) Mean rotation error (ER) (deg)

Sharma et al.. a 20.8 0.83 (Imitation-25 dataset) 14.35 (Imitation-25 dataset)
SPN -NA- 0.7832 8.4254
SPNv2 a 52.5 0.031(SPEED+) 0.885 (SPEED+)
URSONet ≥ 11.4 to ≥ 42.8(≥ 500c) 0.1450b 2.4900b

Mobile-URSONeta 7.4 0.5600 6.2900
LSPnet ≥ 47.8 0.4560 13.9600
Huang et al.. ≥ 23.9 0.1715(URSO-OrViS dataset) 4.3820(URSO-OrViS dataset)
Phisannupawong et al.. ≥ 7.0 1.1915d(URSO-OrViS dataset) 13.7043d(URSO-OrViS dataset)

0.1806 (SPEED) 2.3073 (SPEED)
SEPNet (Ours) ≥ 14.0 0.0336 (SPEED+ Synthetic) 1.8531 (SPEED+ Synthetic)

0.16304 (SPEED+ Sunlamp ) 2.1204 (SPEED+ Sunlamp )
0.2528 (SPEED+ Lightbox) 2.1746 (SPEED+ Lightbox)

Table 6.1: Comparison of Di�erent Network Architectures for Spacecraft Pose Estimation
and their performance
a Details of the best-performing variant reported.
b Results from KSPEC first edition .
c Number of parameters in the best performing ensemble of models reported by the authors.
d Median values reported.

tional neural networks, significantly improving pose estimation accuracy and computational

e�ciency in challenging space environments. The experimental results, utilizing datasets

like SPEED and SPEED+, clearly demonstrate SEPNet’s superiority over existing methods.

This advancement holds great promise for enhancing the safety and reliability of critical space

missions, including On-Orbit Servicing and Active Debris Removal. SEPNet represents an

advancement in spacecraft navigation technology, with potential for widespread application

in future space endeavors.
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Chapter 7

Temporal Information for

Trajectory Estimation of Space

Objects

This chapter presents a new temporally consistent space object 3D trajectory estimation from

a video taken by a single RGB camera. Understanding space objects’ trajectories is an im-

portant component of Space Situational Awareness, especially for applications such as Active

Debris Removal, On-orbit Servicing, and Orbital Maneuvers. Using only the information

from a single image perspective gives temporally inconsistent 3D position estimation. Our

approach operates in two subsequent stages. The first stage estimates the 2D location of the

space object using a convolution neural network. In the next stage, the 2D locations are lifted

to 3D space, using temporal convolution neural network that enforces the temporal coher-

ence over the estimated 3D locations. Our results show that leveraging temporal information

yields smooth and accurate 3D trajectory estimations for space objects. A dedicated large

realistic synthetic dataset, named SPARK-T, containing 3 spacecrafts, under various sensing

conditions, is also proposed and will be publicly shared with the research community.
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Figure 7.1: Spacecraft trajectory simulation

7.1 Introduction

Since the beginning of space exploration, the number of space debris has increased drastically.

Debris population comes mainly from the remnants from human-made objects such as dead

satellites, used rocket stages, and particles from the collision of other debris [158]. Today,

these objects represent a threat as space debris incurs the risk of collision and damage to

operational satellites.

To tackle this problem, one of the proposed solutions is Active Debris Removal (ADR).

The premise of this method consists of capturing and disposing of large debris (> 10cm).

To that end, new technological challenges related to orbital rendezvous in general, and to

relative navigation in particular, must be addressed. A reliable navigation system should be

developed. It is required to be able to provide accurate relative state estimates of the targeted

debris, over a wide range of di�erent distances, from early detection until target capture.

Programs such as CleanSpace [159], RemoveDebris [52], AnDROiD [160], and future mis-

sions such as ClearSpace-1 [161] lead the e�orts to provide a cleaner space. Depending on the
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specific mission objectives, debris state estimates can cover either the relative position and

velocity (3-DoF relative navigation) of the targeted object, or the relative position, velocity,

attitude (6-DoF relative navigation), as well as the target trajectory.

The contribution of this paper is twofold: First, we propose a new spatio-temporal ap-

proach for space object 3D trajectory estimation. Second, a large and, to the best of our

knowledge, the first photo-realistic synthetic dataset with temporal information for space

object 3D trajectory estimation was created and will be publicly shared with the research

community. This dataset is named SPARK-T, where “T” stands for trajectories, presented

in Chapter (3) Section (3.5).

In this Chapter, we focus on space object 3D trajectory estimation from videos where

we exploit the temporal information. The proposed approach follows a top-down strategy.

First, we start by detecting the center of a space object as 2D coordinates for each frame.

Then, we lift the detected 2D coordinates to 3D space leveraging the temporal information

contained in the observed video sequence. In order to test the proposed approach, a new

dedicated dataset has been generated under a photo-realistic space simulation environment,

with a large diversity in sensing conditions. Obtained experimental results show stable and

accurate space object trajectory estimation. For ADR, such decomposition of the problem

reduces the di�culty of the task at hand. It gives the possibility to control which estimation

to use based on the orbital situation of the spacecraft.

7.2 Problem formulation

In this section, we formulate the considered problem of spacecraft 3D trajectory estimation.

Let VI = {I1, · · · , IN } be a sequence of RGB images corresponding to the observed spacecraft

or debris, where N is the total number of frames, and where the acquisition is done with a

known camera whose intrinsic matrix is K œ R
3◊4. Subsequently, the goal of this work is to

estimate the trajectory of the object of interest in 3D. That is, the objective is to estimate

the trajectory Y = {¸1, · · · , ¸N }, where ¸i œ R
3.

The object may be localized on each image Ii by estimating its pixel coordinates (ui, vi) œ R
2.
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Figure 7.2: Tracking a spacecraft within vision-based navigation camera field of view over
the reference trajectory from RemoveDebris mission[52].

This 2D location corresponds to the projection of the 3D location ¸i of the object in the scene

onto a 2D image plane using the camera intrinsic parameters K such that

Q

cccca

ùi

v̀i

ẁi

R

ddddb
= K(Ri¸i + ti), and

Q

ca
ui

vi

R

db =

Q

ca
ùi/ẁi

v̀i/ẁi

R

db (7.1)

where Ri œ SO(3) is the rotation matrix and ti œ R
3 is the translation vector are the

unknown space object rotation and translation at frame i, respectively, relative to the camera.

The task at hand can be formulated as a two-step problem: (1) Estimation of the object

2D location (ui, vi) in the image plane at each frame i for i = 1, · · · , N ; (2) Estimation of

the corresponding 3D locations ¸i = (xi, yi, zi) constituting the trajectory Y.
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7.3 Proposed approach

In order to estimate the 3D trajectory Y, we cast the problem as a 2D trajectory estimation

followed by lifting to 3D space [162, 163], where the hypothesis is that temporal information

may compensate the lack of the third dimension. This is verified in other applications, e.g.,

3D human pose estimation, where the low-dimensional 2D location over time is shown to be

discriminative enough to estimate the 3D location with high accuracy [163].

In this section, we describe the main components of the proposed two-step space object 3D

trajectory estimation.

7.3.1 2D Location estimation

Figure 7.3: Proposed architecture for 2D point regression: U-Net [164] is used with
ResNet18 [86] as encoder, gray blocks represent the encoder output, green block represent
the bottleneck and the blue blocks represent the scaled up output of the decoder. Finally
DSNT [165] is used for coordinate regression.

In order to estimate an object 2D location (u, v) from an RGB image I, we represent

our object of interest as a single point which is a simpler and a more e�cient representation.

Indeed, while a common approach is to use a regular bounding box, we choose to track a

selected 2D point, i.e., the origin, as it is geometrically related to the desired 3D location
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(x, y, z) through Equation (7.1).

Inspired by CenterNet [166], we use an encoder-decoder architecture based on U-Net [164]

with ResNet18 [86] as the encoder for feature extraction and the Di�erentiable Spatial to

Numerical Transform (DSNT) [165] to regress the 2D location (u, v), as shown in Figure (7.3).

We choose the encoder part of our architecture to be ResNet18 in order to better preserve finer

details of the input image especially in the cases where the object is small or far away from

the camera. In addition, skip connections are used from the encoder to the corresponding

up-convolution in the decoder, and features are concatenated in each corresponding stage

between the encoder and the decoder. The final convolution layers of the decoder perceive

the spatial resolution of the input image, and output features are passed to a softmax function

which produces a single-channel normalized heatmap where all elements are non-negative and

sum to one.

This output is passed to the DSNT layer, which is fully di�erentiable, and exhibits good

spatial generalization unlike heatmap matching, and also outputs direct numerical coordinates

(u, v).

Then, for a given video sequence VI , this 2D localization approach:

f : I œ R
M◊N ‘æ (u, v) œ R

2 (7.2)

is applied frame by frame on VI resulting in a sequence of estimated 2D locations X̂ =

{f(I1), · · · , f(IN )}. In Equation (7.2), M is the image dimension, and N is the number of

frames.

7.3.2 3D Trajectory estimation

Given a sequence X µ R
2, the goal is to lift this sequence of 2D locations into the 3D space.

To that end, we need to estimate a function g(·), which maps a sequence of 2D points sequence

to its corresponding 3D sequence, such that:

g : X µ R
2 ‘æ Y µ R

3. (7.3)

114



Figure 7.4: 3D Trajectory estimation model for each frame in time t, we forward the historical
2D coordinate (u, v) from the previous frames and estimated its 3D coordinate (x, y, z) using
temporal convolution network (TCN) leading to stable and accurate trajectory estimation.

Estimating the 3D location from individual frames leads to a temporally incoherent result,

where the independent error from each frame leads to unstable 3D position estimation over

the video sequence. Thus, in our work, we follow the same approach proposed in [163,

167] for human pose estimation where a fully convolutional architecture is used to perform

temporal convolution over 2D skeleton joint positions in order to estimate the 3D skeleton in

a video. Therefore, the function g(·) is approximated by a Sequence to Sequence (Seq2Seq)

Temporal Convolutional Network (TCN) model as can be seen in Figure (7.4) using 1D

temporal convolution. Consequently, the sequence of 3D locations can be obtained using the

combination of the functions f(·) and g(·), such that Ŷ = g ¶ f(VI), where ¶ denotes function

composition.

We note that TCN is a variation of convolutional neural network for sequence modelling

tasks. Compared to traditional Recurrent Neural Networks (RNNs), TCN o�ers more direct

high-bandwidth access to past and future information. This allows TCN to be more e�cient

to model the temporal information of the input data with fixed size [168]. TCN can be causal;

meaning that there is no information “leakage” from future to past, or non-causal where past

and future information is considered. The main critical component of the TCN is the dilated
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convolution [169] layer, which allows to properly treat temporal order and handle long-term

dependencies without an explosion in model complexity. For simple convolution, the size

of the receptive field of each unit - block of input which can influence its activation - can

only grow linearly with the number of layers. In the dilated convolution, the dilation factor

d increases exponentially at each layer. Therefore, even though the number of parameters

grows only linearly with the number of layers, the e�ective receptive field of units grows

exponentially with the layer depth. The dilated convolution úd with a dilation factor d of a

1D signal s with a kernel of size k is defined as:

(k úd s)
t

=
Œÿ

·=≠Œ
k· · st≠d· . (7.4)

Convolutional models enable parallelization over both the batch and the time dimension

while RNNs cannot be parallelized over time [170]. Moreover, the path of the gradient

between output and input has a fixed length regardless of the sequence length, which mitigates

the vanishing and exploding gradients. This has a direct impact on the performance of

RNNs [170]. Architectures with dilated convolutions have been successfully used for audio

generation in Wavnet [171], semantic segmentation [172], machine translation [173], and 3D

pose estimation [163]. As stated in [170], TCNs generally outperform most of the commonly

used networks such as Long Short-Term Memory (LSTM) [174] or Gated Recurrent Unit

(GRU) [175] for di�erent tasks.

7.4 Data generation

In the space domain, given the di�culty of obtaining large real datasets, synthetic datasets

are currently the default approach for developing DL methods for Space Sitiuational Aware-

ness (SSA) and ADR tasks. To the best of our knowledge, existing datasets [62, 63], and

more recently [83], do not provide temporal data as they were designed specifically for single

image spacecraft pose estimation [176].

To study spacecraft trajectory estimation, we utilized our realistic space simulation environ-

ment, providing a large range of diversity in sensing conditions and trajectories.
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Figure 7.5: Samples from our generated SPARK-T dataset. Top row – Jason satellite,
middle row – heat shield tile, down row – CubeSat.

We used 3D models of three target spacecrafts: (1) a 3D model of ‘Jason’ satellite with

dimensions 3.8m ◊ 10m ◊ 2m with the solar panels deployed; (2) 1RU generic ‘CubeSat’ with

dimensions 10cm ◊ 11cm ◊ 11cm; and (3) for debris we used a heat shield tile model with

dimensions 15cm◊10cm◊3cm. The 3D models were obtained from NASA 3D resources [76].

SPARK-T dataset was generated by placing the target spacecraft in di�erent trajectories

within the field of view of a camera mounted on a chaser. Furthermore, the Sun and Earth

were rotated around their respective axes. This has ensured a diversity in the generated

dataset with high-resolution photorealistic RGB images for di�erent orbital scenarios.

For this work, 50 sequences were generated for each of the three spacecrafts, with 50 frames

each, and including their 3D trajectories as ground truth and the corresponding R, t of the

spacecraft with respect to the camera reference frame.

Finally, all images were resized to 512◊512 and processed with a zero-mean Gaussian blurring

with variance ‡2 = 1 and an additive Gaussian white noise with variance ‡2 = 0.001.
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Figure 7.6: Three examples of groundtruth trajectories: (in green) and the estimated
3D trajectories using TCN (in red) and the estimated 3D positions using direct regression
(in blue).

7.5 Experiments

In this section, we present the experimental setup along with the obtained results. To evaluate

the proposed approach, experiments were conducted on our generated spacecraft trajectories

dataset presented in Section (7.4).

7.5.1 Data preparation

The data were split into 80% (i.e., 120 sequences) for training , and 20% (i.e., 30 sequences)

for testing.

For training the 2D location estimation model f(.) presented in Section (7.3.1), the training

data were shu�ed in order to eliminate the temporal dependency in the dataset. During

training, the input 2D coordinates p = (u, v) were normalized to be in the range [-1, 1], as

in [165].

For training the 3D trajectory estimation model g(.), presented in Section (7.3.2), the model

was trained with the sequence of 2D location of the ground truth as an input and 3D trajec-

tories ground truth as an output. The 2D / 3D point sequences were normalized in order to

have values in the range [0,1] for training the TCN model.
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Figure 7.7: Visualization of the predicted spacecraft 2D location with the heat
map overlaid on the input image. The red point • is the ground truth 2D location, the
green point • is the predicted 2D location, in (a) Jason satellite successfully detected, (b)
detected debris, (c) detected CubeSat, in (d) wrongly detected CubeSat due to optical sensor
sun flare (zooming in might be necessary).
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7.5.2 Implementation details

In order to detect the 2D coordinates of the space object present in the image, we train

our 2D regression model presented in Figure (7.3) by passing the output of a single-channel

normalized heatmap from U-Net to the DSNT layer [165] that outputs numerical coordinates,

then we calculate the Euclidean distance1 between the prediction µ and the ground truth p

as

Leuc(µ, p) = Îp ≠ µÎ2. (7.5)

The estimated 2D coordinate sequences X̂ are passed through a TCN network in order to

obtain the corresponding 3D coordinate sequences. By using a TCN network we preserve

the temporal coherence present in the 2D sequences which leads, in turn, to improving the

quality of the estimated 3D coordinates. The following parameters were used: kernel size

k = 6; dilation rate d œ {1, 2, 4, 8}; Adaptive Moment Estimation (ADAM) optimizer with

learning rate of 0.001; and 100 epochs.

To highlight the di�erence between using TCN for temporal consistency and direct 3D

location regression, we trained another model similar to the one presented in Figure (7.3)

(2D points regression) with adding an auxiliary brunch from the bottleneck of the ResNet

encoder to directly regress the 3D location ¸ = (x, y, z) and jointly train the model to predict

p and ¸.

7.5.3 Results

We evaluate the obtained results qualitatively and quantitatively at the two levels, namely,

(1) 2D location estimation, and (2) 3D trajectory with respect to the camera.

With regards to the 2D location, we have used our proposed model presented in Figure (7.3).

As a result we obtained an error Leuc of 0.48 for training and 0.62 for testing. Overall and

in most of the cases, the obtained 2D coordinate detection from a single RGB image has

a small error. Investigating the cases with high error, we found that those correspond to

images generated under direct sun illumination and subject to lens flare. These challenging
1No unit as 2D locations are normalized between [-1, 1].
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conditions contributed the most to wrongly detected 2D coordinates in these images as can be

seen in Figure (7.7) (d). We note, nonetheless, that these frames do not appear continuously

in a video. Using multiple frames for estimating the position is therefore a suitable strategy

to mitigate errors coming from isolated frames.

In order to estimate the 3D trajectories of the spacecraft, we have lifted the 2D coordinates

to 3D space using the proposed TCN based model presented in Section (7.3.2) and illustrated

in Figure (7.4). Figure (7.6) shows a visual comparison between the 3D trajectory estimated

with the proposed model (red) and the one estimated using direct 3D position regression from

single images (blue). We note that our approach provides a smoother and a more temporally

coherent trajectory. The overall quantitative result confirms the qualitative observation, with

a mean squared error (MSE)2 of 0.009 for training and 0.012 for testing as compared to 0.084

and 0.174 for training and testing, respectively, in the case of direct 3D position regression.

The obtained results confirm a significant improvement as compared to directly estimating

the 3D locations from the corresponding RGB images.

7.6 Conclusion

In this Chapter, we investigated the problem of spaceobject 3D trajectory estimation using

only RGB information. We proposed a two-step approach decomposing the problem into: (1)

a per-image 2D spacecraft detection; followed by (2) a per-sequence 3D trajectory estimation.

Our experimental results showed that by properly leveraging temporal information, it is

possible to simplify the problem and further increase accuracy as compared to a direct 3D

position regression. Furthermore, we proposed a large realistic synthetic dataset that provides

ground truth trajectories for three spacecrafts, under various sensing conditions. This dataset

will be publicly shared with the research community in order to further the research on

spacecraft trajectory estimation in the context of ADR.

2No unit as coordinates are normalized.

121



Chapter 8

CubeSat-CDT: A Cross-Domain

Dataset for 6-DoF Trajectory

Estimation of a Symmetric

Spacecraft

This chapter introduces a new cross-domain dataset, CubeSat-CDT, that includes 21 trajecto-

ries of a real CubeSat acquired in a laboratory setup, combined with 65 trajectories generated

using two rendering engines – i.e. Unity and Blender. The three data sources incorporate the

same 1U CubeSat and share the same camera intrinsic parameters. In addition, we conduct

experiments to show the characteristics of the dataset using a novel and e�cient spacecraft

trajectory estimation method, that leverages the information provided from the three data

domains. Given a video input of a target spacecraft, the proposed end-to-end approach relies

on a Temporal Convolutional Network that enforces the inter-frame coherence of the esti-

mated 6-Degree-of-Freedom spacecraft poses. The pipeline is decomposed into two stages;

first, spatial features are extracted from each frame in parallel; second, these features are

lifted to the space of camera poses while preserving temporal information. Our results high-

light the importance of addressing the domain gap problem to propose reliable solutions for
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close-range autonomous relative navigation between spacecrafts. Since the nature of the data

used during training impacts directly the performance of the final solution, the CubeSat-CDT

dataset is provided to advance research into this direction.

8.1 Introduction

With the increase in the number of space missions and debris [52, 8, 177], the need for Space

Situational Awareness (SSA) – referring to the key ability of inferring reliable information

about surrounding space objects from embedded sensors – is growing rapidly. Moreover,

the highest level of autonomy is required to meet the need for reactivity and adaptation

during on-orbit operations. Due to their low cost and power consumption combined with

their high frame rate, cameras represent suitable sensors for SSA. Consequently, vision-based

navigation is the preferred route for performing autonomous in-orbit operations around a

target spacecraft [178]. To do so, the core task consists in estimating both the position and

attitude – referred to as pose – of the target over time. Furthermore, Deep Learning (DL)

techniques have been proven to be successful in a wide variety of visual applications such as

image classification, object detection or semantic segmentation [84]. Therefore, their use in

monocular spacecraft pose estimation has gained interest accordingly. Moreover, the results

from the first edition of the Satellite Pose Estimation Challenge (SPEC) [179] – organized

by the Advanced Concepts Team (ACT) of the European Space Agency and the Space Ren-

dezvous Laboratory (SLAB) of Stanford University – have shown promising outcomes in that

direction. The scope of the SPEC was limited to single-frame pose estimation from synthetic

images only.

Due to the appearance gap between images from synthetic and real domains, DL-based

algorithms trained on synthetic data typically su�er from significant performance drop when

tested on real images [179]. As a consequence, existing spaceborne images captured from

previous missions are sometimes combined with synthetic data. In particular, the Cygnus

dataset [184] contains 540 pictures of the Cygnus spacecraft in orbit in conjunction with 20k

synthetic images generated with Blender [187]. However, the main limitation of spaceborne
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Figure 8.1: Illustration of the SnT Zero-G Laboratory data. Top: chaser camera
field of view featuring a CubeSat target with its projected trajectory (in red). Bottom left:
instantaneous 3D positions of the robotic arms simulating the chaser (camera in blue) and
target (trajectory in red) spacecrafts.

images is the lack of accurate pose labels and their limited diversity in terms of pose distri-

bution. To overcome these di�culties, laboratory setups trying to mimic space conditions

currently represent the de facto target domain for spacecraft pose estimation algorithms [181].

Moreover, laboratories o�er monitoring mockup poses and environmental conditions to ensure

a higher quality of the data [188, 75]. Therefore, the ongoing second edition of the SPEC will

rank the pose estimation algorithms based on their performance on two laboratory datasets,

while training images were generated synthetically. That so-called SPEED+ dataset [181]

is the first of its kind for vision-only spacecraft pose estimation that combines the informa-

tion from 60k synthetic images with 10k others acquired from a robotic laboratory setup.

However, laboratory pose labels are not publicly available.

The SPEED+ dataset o�ers no temporal consistency between the images. While single-

frame spacecraft pose estimation is needed to initialize any multi-frame tracking algorithm [91,
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SPARK [180] SPEED [179] SPEED+ [181] URSO [182] SwissCube [183] Cygnus [184] Prisma12K [185] Prisma25 [186] CubeSat-CDT
Synthetic images 150k 15k 60k 15k 50k 20k 12k - 14k

Non-synthetic images - 305 10k - - 540 - 25 8k
Object classes 15 1 1 2 1 1 1 1 1

Image Resolution 1024 ◊ 1024 1920 ◊ 1200 1920 ◊ 1200 1080 ◊ 960 1024 ◊ 1024 1024 ◊ 1024 752 ◊ 580 -NA- 1440 ◊ 1080
Visible 3 3 3 3 3 3 3 3 3
Color 3 7 7 3 3 3 7 7 3
Depth 3 7 7 7 7 7 7 7 7
Mask 3 7 7 7 3 7 7 7 7

6D Pose 3 3 3 3 3 3 3 3 3
Rendering sim sim + lab sim + lab sim sim sim + real sim real sim + lab

Trajectories 7 7 7 7 3 7 7 7 3
Public dataset 3 3 3 3 3 7 7 7 3

Table 8.1: Overview of existing SSA datasets. In the table, sim refers to simulated images
and lab to laboratory data.

189], leveraging the temporal information provided through consecutive image acquisitions is

likely to improve the robustness and reliability of any deployable method. However, to the

best of our knowledge, no existing dataset features temporally consistent image sequences for

6-DoF spacecraft trajectory estimation.

In this work, we propose a novel dataset with the aim to foster research on both the

domain gap reduction and temporal information processing for spacecraft pose estimation.

To the best of our knowledge, this is the first dataset featuring multiple (synthetic-2x and

real-1x) domains with temporal information for spacecraft 6-DoF trajectory estimation (86

trajectories). We also propose a baseline algorithm that leverages the data from the three

di�erent modalities contained in the dataset.

In addition, man-made objects and specially spacecrafts often present a high degree of

symmetry by construction. However, most existing datasets rely on non-symmetrical target

spacecrafts [180, 176, 179, 181, 182, 183, 184, 185, 186]. Indeed, estimating the pose –

especially orientation – of a symmetric object is a di�cult task that has been receiving

interest from the research community [190, 191, 192]. To develop it further, our dataset

features a highly-symmetrical spacecraft – a 1U CubeSat. Moreover, instead of a mockup

made with inadequate materials, a real space-compliant spacecraft is used.

Our contributions are summarized below:

• A comparative analysis of the existing SSA datasets.

• A cross-domain spacecraft trajectory dataset, referred to as CubeSat-CDT, where “CDT”

stands for Cross-Domain Trajectories.
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• A novel algorithm for spacecraft trajectory estimation, built upon previous work [193],

whose training has been made possible by the creation of the CubeSat-CDT dataset.

• A detailed analysis of the proposed dataset based on the training and testing of the

aforementioned algorithm.

The work is organised as follows. Section (8.2) provides a comparative review of existing

SSA datasets. Section (8.3) presents the proposed method to leverage the temporal infor-

mation for trajectory estimation and cross domain data validation. Section (8.4) presents an

analysis of the performance of our proposed approach on the CubeSat-CDT dataset.

8.2 Related datasets

Multiple datasets are provided to address the SSA challenge. Some are freely available for

research [180, 179, 181, 182, 183], others are proprietary from some space companies and

are not publicly available [184, 185, 186]. These datasets are discussed below, highlighting

their contributions, limitations and di�erence with CubeSat-CDT. Table (8.1) summarizes

this study.

URSO [182] provides 15k images of two di�erent targets, the ‘Dragon’ spacecraft and the

‘Soyuz’ one, with di�erent operating ranges and at a resolution of 1080◊960 pixels. The

images were randomly generated and sampled around the day side of the Earth from low

Earth orbit altitude with an operating range between 10m and 40m. All images are labelled

with the corresponding target pose with respect to the virtual vision sensor.

SwissCube [183] is made of 500 scenes consisting of 100 frame sequences for a total of 50k

images. It is the first public dataset that includes spacecraft trajectories, in particular a 1U

CubeSat. Nonetheless, the main limitation of the dataset is the domain, as it only contains

synthetically generated images using Mitsuba 2 render.

Cygnus [184] includes 20k synthetic images generated with Blender in addition to 540

real images of the Northrop Grumman Enhanced Cygnus spacecraft. They perform several

augmentation techniques on the synthetic data including various types of randomized glare,
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lens flares, blur, and background images. However, the main limitation of the dataset is that

it is not publicly accessible.

PRISMA12K [185] is created using the same rendering software used in SPEED. However,

PRISMA12K replicates the camera parameters used during the PRISMA mission targeting

the Mango satellite. It comprises 12k grayscale images of the Tango spacecraft using the

same pose distribution presented in SPEED.

PRISMA25 [186] contains 25 spaceborne images captured during the rendezvous phase of

the PRISMA mission. This real dataset is used to evaluate the performance of the algorithms

developed using PRIMSA12K. The main limitation of this dataset is the number of real case

examples and the lack of diversity in the target’s pose.

The CubeSat-CDT dataset, presented in Chapter (3) Section (3.6), contains multiple

trajectories in three di�erent domains with real spacecraft - see Table (8.1) - . We believe

such a dataset opens new possibilities for studying trajectory estimation of spacecrafts.

8.2.1 Discussion

The proposed CubeSat-CDT dataset will foster new research on leveraging the temporal

information while dealing with the symmetries of a 1U CubeSat, therefore addressing the

challenges of estimating the 6-DoF poses of this common platform used in a wide range of

new space missions. As presented in Figure (3.6), there is a di�erence in the high-frequency

components of the spectrum of the real and synthetic images. Therefore, it is crucial to

take into consideration the data domain used for training a DL-based solution. Indeed, the

domain gap can lead to a considerable generalization error if it is not addressed.

The trajectories defined for the CubeSat were designed to emulate close-range operations

when a 1U CubeSat is deployed in orbit. Figure (8.2) presents the position and orientation

of the trajectories performed in the three datasets. As summarized in Table (3.1), the 1U

CubeSat relative distance to the camera frame varies from 0.40m to 3.8m depending on the

dataset. Di�erent illumination conditions were taken into account to emulate solar flares and

reflections in the solar panels to better generalize the satellite detection and subsequent pose

estimation.
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Figure 8.2: Trajectory analysis for the Blender & Zero-G Lab (First row) and
SPARK (Second row) subsets. From left to right: trajectory analysis in x and y vs z
axis, range distribution for all the axes, angle distribution for all the axes.
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8.3 Proposed baseline for spacecraft trajectory estimation

In this section, we introduce a baseline to evaluate the e�ects of both the domain gap and

temporal information on the CubeSat trajectory estimation.

8.3.1 Problem formulation

The problem of trajectory estimation consists in estimating the 3D positions and attitudes

– i.e. orientations – of a target spacecraft in the camera reference frame along the recorded

sequence.

Following the notations introduced in [193], let VI = {I1, · · · , IN } be a sequence of RGB

images featuring the observed spacecraft, N being the total number of frames. Acquisition is

made using a camera with known intrinsics K œ R
3◊3. The goal is to estimate the trajectory

Y = {(t1, R1), · · · , (tN , RN )}, where (ti, Ri) œ R
3 ◊ SO3(R) is the 3D location t and rotation

R of the spacecraft captured at frame i.

8.3.2 Proposed Approach

The proposed model is composed of an E�cientNet B2 [194] backbone that takes a sequence

of images and processes each frame in parallel then passes the learned features to a TCN

model to compute the 6-DoF poses over the full sequence.

Spatial Feature Extraction

For a given video sequence VI , the E�cientNet B2 [194] feature extractor,

f : I œ R
M◊N ‘æ Z œ R

�, (8.1)

is applied frame by frame on VI resulting in a sequence of estimated learned features X̂ =

{f(I1), · · · , f(IN )}. In Equation (8.1), � = 128 is the dimension of the extracted CNN

features, M is the image dimension, and N is the number of frames.
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Figure 8.3: Our TCN-based trajectory estimation model. At time t, we leverage the
spatial features of each frame to estimate the target poses using a TCN, leading to smooth
and accurate trajectory estimation.

3D Trajectory estimation

Given a sequence of spatial features X œ R
�◊N , the goal is to lift into the 6D space of

poses. To that end, we need to estimate a function g(·) that maps X to its corresponding 6D

sequence, such that:

g : X œ R
�◊N ‘æ Y œ

1
R

3 ◊ SO3(R)
2

N

. (8.2)

Independently estimating the poses from each frame would lead to temporally inconsistent

results. Therefore, the function g(·) is approximated by a Sequence-to-Sequence Temporal

Convolutional Network (Seq2Seq TCN ) model using 1D temporal convolution. Such a model

is illustrated in Figure (8.3).

Finally, the sequence of poses is obtained using the composition of the functions f(·) and

g(·), such that

Ŷ = g ¶ f(VI). (8.3)
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8.3.3 Justification of the Proposed Approach

We note that TCNs represent a variation of convolutional neural network for sequence mod-

elling tasks. Compared to traditional Recurrent Neural Networks (RNNs), TCNs o�er more

direct high-bandwidth access to past and future information. This allows TCN to be more

e�cient to model the temporal information of the input data with fixed size [168]. TCN can

be causal; meaning that there is no information “leakage” from future to past, or non-causal

where past and future information is considered. The main critical component of the TCN is

the dilated convolution layer [169], which allows to properly treat temporal order and handle

long-term dependencies without an explosion in model complexity. For simple convolution,

the size of the receptive field of each unit - block of input which can influence its activation

- can only grow linearly with the number of layers. In the dilated convolution, the dilation

factor d increases exponentially at each layer. Therefore, even though the number of param-

eters grows only linearly with the number of layers, the e�ective receptive field of units grows

exponentially with the layer depth.

Convolutional models enable parallelization over both the batch and time dimension while

RNNs cannot be parallelized over time [170]. Moreover, the path of the gradient between

output and input has a fixed length regardless of the sequence length, which mitigates the van-

ishing and exploding gradients. This has a direct impact on the performance of RNNs [170].

8.4 Experiments

To analyse further the features of the proposed CubeSat-CDT dataset, we conducted two sets

of experiments. First, we analyse the gaps between the three di�erent domains by focusing

only on single-frame CubeSat pose estimation. Second, we demonstrate the importance of

leveraging the temporal information for more accurate predictions.

As presented in Table (8.3), our proposed method reduces the pose prediction error, on

average by a factor of 2. Furthermore, we note that our approach provides a smoother and

a more temporally coherent trajectory as highlighted in Figures. (8.4) and (8.5).

We use a PoseNet model [195] with an E�cientNet [194] backbone for feature extraction,
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Train set
Test set Lab (Zero-G) Synthetic (SPARK) Synthetic (Blender)

Lab (Zero-G) 0.05m / 12.98¶ 0.40m / 115.27¶ 0.50m / 86.77¶

Synthetic (SPARK) 0.26m / 92.25¶ 0.15m / 72.38¶ 0.60m / 126.31¶

Synthetic (Blender) 0.30m / 102.14¶ 0.47m / 127.59¶ 0.14m / 88.30¶

Table 8.2: Pose MSE when regressed frame per frame independently, for the three data
domains.

Data domain
Model Temporal Single frame

Lab (Zero-G) 0.02m / 11.27¶ 0.05m / 12.98¶

Synthetic (SPARK) 0.10m / 105.7¶ 0.15m / 72.38¶

Synthetic (Blender) 0.08m / 54.27¶ 0.14m / 88.30¶

Table 8.3: Pose MSE when regressed by the Temporal Convolutional Network for the three
data domains.

followed by fully connected layers for pose regression.

Figure 8.4: Groundtruth trajectories of the CubeSat center (in green), estimated trajectories
using TCN (in red) and estimated positions using single-frame regressions (in blue). From
left to right: example sequences from Zero-G Lab, SPARK and Blender.

8.4.1 Domain Gap Analysis

In the first experiment, we trained our pose estimation model in a cross-validation manner

– i.e., training on one domain subset and testing on another one – in order to assess the

gaps between the di�erent domains. When training and testing on the same subset, we

used a 80%-20% split of the data. The temporal information is not used to evaluate the
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Figure 8.5: Per Axis position estimations for Sequence7 from Zero-G Laboratory data.

impact of the domain in this setup, so that the pose of the 1U CubeSat is regressed by single

frame processing. To eliminate the temporal dependency in the datasets, training data was

randomly shu�ed.

The quantitative results, presented in Table (8.2), confirm the relevance of the cross-

domain data and the need for applying techniques to minimize the gap between domains.

The best inter-domain results were obtained when training the model on the SPARK synthetic

data then testing on the Zero-G Lab data (0.26m / 92.25¶), with an average position error

increment of 0.11m (0.15m / 72.38¶when testing on SPARK). Due to the symmetric nature

of the satellite under test, the orientation error is considerably high. Indeed, there is not

enough information to discriminate between the di�erent CubeSat faces.
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8.4.2 Impact of Temporal Information

The second experiment was designed to assess the impact of temporal information on pose

estimations. The model proposed in Section (8.3) was trained on batches of randomly selected

images from the training dataset as an input. The images were then split into 80% for training

and 20% for testing.

Given the sequence of estimated learned features computed during the first stage, the

second part of the model applies a Seq2Seq TCN model using 1D temporal convolution, to

produce the 6-DoF poses of the full sequence.

8.5 Conclusions

In this work, we investigated the problem of trajectory estimation of a symmetric spacecraft

using only RGB information. We collected 21 real CubeSats trajectories in a laboratory en-

vironment along with two di�erent synthetic datasets generated in Unity (50) and Blender

(15). We proposed a model composed of an E�cientNet B2 backbone to process a sequence of

frames in parallel and then pass the learned features to a Temporal Convolutional Network to

compute the final 6-DoF poses. Our experimental results show the importance of leveraging

the temporal information to estimate the pose of an object in space and increase accuracy

compared to a direct pose regression per frame. Furthermore, the results demonstrate the

relevance of the data domain used to train the proposed model on the final performance. The

CubeSat Cross-Domain Trajectory dataset will be publicly shared with the research commu-

nity in order to enable further research on minimizing the domain gap between synthetic and

real data, leveraging temporal information for pose estimation and computing the pose of

highly-symmetric objects.
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Chapter 9

Self-Supervised Learning for Place

Representation Generalization

across Appearance Changes

This chapter addresses the challenge of visual place recognition, focusing on the application of

self-supervised learning to acquire image features that are robust to appearance changes and

sensitive to geometric nuances. This methodology demonstrates strong visual place recogni-

tion capabilities under varying seasonal and illumination conditions, all achieved without the

need for human-annotated labels.

The development of these appearance-robust and geometry-sensitive features is particu-

larly relevant for OOS systems. In the unique and often unpredictable space environment,

these systems require advanced visual recognition capabilities to navigate and operate e�ec-

tively. The self-supervised learning approach, therefore, holds significant promise for enhanc-

ing the autonomy and reliability of OOS systems in space.

Visual place recognition is essential for spatial navigation across various entities, includ-

ing animals, humans, and robots. Traditional state-of-the-art methods, typically reliant on

supervised learning, often struggle to generalize to atypical conditions due to their train-

ing limitations. However, self-supervised learning o�ers a promising alternative, potentially
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enabling the abstraction of place representations to be more adaptable across diverse condi-

tions. In this context, and linking back to the previous discussion on visual place recognition

for OOS systems, this chapter investigates the development of image features that are re-

silient to changes in appearance while remaining sensitive to geometric alterations, using

self-supervised learning techniques.

This approach combines the core principles of self-supervised learning, namely contrastive

and predictive learning, to achieve this dual objective. The e�cacy of this method is demon-

strated through our results on standard benchmarks, which show that such a combined

learning approach leads to competitive outcomes in visual place recognition. These results

are particularly significant under challenging seasonal and illumination conditions and are

achieved without the dependency on human-annotated labels, underscoring the potential of

self-supervised learning in enhancing the capabilities of OOS systems in the dynamic space

environment.

9.1 Introduction

Visual Place Recognition (VPR) is central for localizing - i.e. determining a camera’s position

in a scene [196, 197], and has applications from autonomous driving to augmented reality.

Typically viewed as an image retrieval task, VPR aims to match a query image to images

in a reference database that depict the same location, even when conditions like viewpoint,

obstructions, or weather vary [198]. This makes VPR challenging but vital for dependable

real-world vision-based systems.

For this goal, neuroscience research indicates that biological intelligence relies on creating

abstract representations of places, known as cognitive maps [198], to recognize them under

varying conditions [199].

These maps are essential for generalizing limited knowledge, such as recognizing a place

seen only in daylight during nighttime. The aim is to build rich representations reflecting

the intrinsic structures that are not required to be re-learned from scratch when non-critical

visual information changes [199].
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Figure 9.1: CLASP-Net Training Strategy: Three views are generated from an input
image. The Appearance Module in green (top) maps the original and appearance-augmented
views into close representation vectors {z0, z1}. The Geometry Module in blue (bottom)
predicts the transformation „ applied between the original and third views.

In the context of technological solutions, state-of-the-art VPR methods have focused on

achieving invariance to both environmental conditions and viewpoint changes in image rep-

resentations. The latter are for recognizing places observed under unprecedented angles [200,

201]. However, we argue that such viewpoint invariance may be detrimental in the process of

distinguishing between di�erent places. Moreover, recent works have shown that favouring a

more general equivariance in image representations may be more beneficial than seeking only

invariance [202, 203, 204].

Motivated by this, we introduce CLASP-Net :Contrastive Learning with Appearance

Augmentations and Spatial Predictions for Place Recognition1, designed to learn discrimi-

native place representations that can generalize to new conditions. We use Self-Supervised

Learning (SSL) to address training limitations due to low appearance variability in reference

images. Contrastive Learning (CL) is employed to unify representations of the same place
1Clasp: [noun] a device, usually of metal, for fastening together two or more things or parts of the same

thing.
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by using appearance augmentations. To further exploit the scene’s spatial layout and regu-

larize the model, we apply geometric transformations and utilize a Predictive Learning (PL)

framework for classification based on these transformations.

Contrary to supervised learning, which tends to learn shortcuts and struggles to generalize

from limited labelled data [205], SSL seems closer to human-like learning and does not require

manual annotation [206]. Few studies have explored SSL for VPR [207, 208]. We propose to

merge the key SSL approaches, CL [209] and PL [210], aiming for image representations that

are resilient to appearance shifts while being sensitive to geometric cues. By doing that, we

aim to learn features suitable for visual place recognition under appearance changes.

Contributions. Our contributions are two-fold:

(1) A novel approach for Visual Place Recognition under extreme condition changes, CLASP-

Net, that leverages both contrastive and predictive self-supervised learning approaches.

(2) An experimental evaluation confirming the competitiveness of CLASP-Net compared to

state-of-the-art approaches on standard benchmarks featuring di�erent conditions (day/night,

weather, seasons), among which the very challenging Alderley Dataset [211].

Chapter organization. The rest of the chapter is organized as follows. Relevant work on

SSL and VPR is reviewed in Section (9.2). CLASP-Net is presented in Section (9.3), while

experimental evaluation demonstrating the validity of our approach is reported in Section

(9.4). Section (9.5) concludes the chapter and presents future works.

9.2 Related Work

9.2.1 CNN-based Descriptors for Visual Place Recognition

The rapid evolution of deep learning has opened new avenues for overcoming the limita-

tions of traditional, handcrafted descriptors. Following the groundbreaking work by Chen

et al.[212], there has been a growing emphasis on learning-based descriptors primarily built

from Convolutional Neural Networks (CNNs). For instance, Sunderhauf et al. [213] and Hou

et al. [214] found that mid-level features from trained CNN model are more resilient to

variations in appearance.
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Moreover, a concerted e�ort has been made to design specialized neural networks for

VPR tasks. This has led to the invention of techniques like CALC [215], NetVLAD [216],

NetBoW [217] and NetFV [218] that meld the best aspects of both traditional and learning-

based descriptors, achieving unprecedented results.

In terms of performance, CNN-based descriptors, particularly those relying on supervised

learning, are highly dependent on extensive, high-quality training datasets.

However, it’s crucial to acknowledge that supervised learning methods often require labori-

ous data annotation, which can be both time-consuming and costly. Therefore, self-supervised

learning presents a compelling alternative to VPR tasks.

9.2.2 Self-Supervised Learning

Self-supervised methods focus on learning visual features from large sets of unlabeled images,

making them valuable for diverse real-world applications such as autonomous driving. These

methods usually employ a pretext task with a related objective function for training [210]. The

objective function can target either network predictions (predictive learning) or the feature

representation space (contrastive learning). This enables SSL to yield image representations

that are both sensitive and robust to specific transformations.

Predictive Learning. PL uses pretext tasks to indirectly infuse image representations

with inductive biases via network outputs [210]. Tasks range from image colorization [219]

and jigsaw puzzles [220] to rotation prediction [221]. These tasks encourage the network to

learn rich object representations and their spatial arrangements. For instance, predicting an

outdoor scene often involves recognizing sky and trees at the top and roads at the bottom,

requiring an understanding of the scene’s structure.

Contrastive Learning. CL directly refines image representations using a contrastive loss

that considers batch elements’ relationships. SimCLR [209], a framework for visual represen-

tation through CL, stands out for its simplicity, not needing specialized structures [222] or

memory banks [223, 224]. It works by sampling two distinct augmentations, applying each
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to an image, and then training encoders on a contrastive loss to maximize similarity between

the two views and minimize similarity with di�erent images. To address potential training

convergence challenges in CL, ScatSimCLR [225] also estimates each view’s augmentation

parameters.

Combining Predictive and Contrastive Learning. CL aims at inducing invariance to

some content-preserving transformations while being distinctive to such content changes. On

the other side, PL is mostly used to incorporate sensitivity, and ideally equivariance, to given

transformations into representations [202]. Some studies have demonstrated the advantage

of balancing invariance and equivariance [226, 227, 228]. For example, Winter et al.[229]

suggested an AutoEncoder-centric framework to cultivate representations that exhibit both

robustness and sensitivity to rotations. Explicitly, an encoder translates a rotated image

into a more invariant latent representation, from which a decoder predicts the unrotated

original image. Simultaneously, an auxiliary branch pursues equivariance by determining the

rotation angle. In a similar vein, Feng et al. [230] endeavour to learn features impervious to

the rotation of input images by bifurcating the features: one segment is dedicated to rotation

prediction (dubbed equivariant features), while another segment, subjected to a contrastive

loss, penalizes disparities emerging from various rotations (termed invariant features).

In recent work, Dangovski et al. [203] introduced Equivariant Self-Supervised Learning

(E-SSL), a more nuanced SSL approach that goes beyond simply seeking invariant represen-

tations. E-SSL framework enriches traditional SSL methods by integrating both equivariance

and invariance objectives in the pre-training process. The key insight is that some transfor-

mations are better captured as equivariant, meaning that the learned features should change

predictably based on how the input is transformed. At the same time, other transformations

are better captured as invariant, where the feature representation should remain constant

despite changes of the input.

Drawing on these insights, our proposed CLASP-Net focuses on achieving appearance

invariance through CL while capturing detailed representations of scene components and

their spatial layouts through PL. With the latter, the network gains sensitivity to geometric
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transformations, enhancing its suitability for VPR tasks.

9.2.3 Self-Supervised Learning for Visual Place Recognition

As highlighted in Section (9.2.2), SSL is well-suited for VPR because it addresses the issue

of unrepresentative training data due to varying test conditions. Despite its promise, few

methods exist. For instance, Tang et al. [208] have proposed to disentangle appearance-related

and place-related features using a generative adversarial network with two discriminators.

However, this type of method may su�er from unstable training. SeqMatchNet [207] is a CL-

based method that leverages sequences of video frames in the contrastive loss to robustify

image representations for VPR.

From a larger perspective, Mithun et al.[231] use sets of related images (i.e., showing

the same place under di�erent conditions) to enhance VPR image representations. Thoma

et al.[232] suggest loosening geo-tag constraints for weakly-supervised training. Unlike these

works, we generate pairs of corresponding images in a self-supervised manner, without labels.

Venator et al. [47] employ SSL to create appearance-invariant descriptors for image matching,

which could serve as a refinement step in our approach.

9.3 Proposed CLASP-Net

Our primary objective is to enable the model to learn features that can withstand drastic

changes in appearance while remaining e�ective for VPR. Specifically, we aim to create image

representations that capture essential geometric details of the scene’s spatial arrangement

yet remain una�ected by varying environmental conditions. To accomplish this, we integrate

both sensitivity to geometric information and robustness to appearance changes into the

image representations using self-supervised learning techniques.

9.3.1 Problem Formalization

Following the traditional approach [198], we frame the VPR problem as an image retrieval

task, where, given a query image q depicting a place Pq, a representation a.k.a. descriptor
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Figure 9.2: Overview of CLASP-Net. Training Stage: from an original image xi,0, aug-
mented versions with a modified appearance xi,1 and di�erent orientations (xi,0¶ , xi,90¶ ,
xi,180¶ , xi,270¶) are generated. Representations of the first two images are brought closer
thanks to a contrastive learning framework to achieve appearance robustness. In parallel,
original and rotated images are passed through a classification network sharing the same
encoder to predict the applied transformation and achieve geometric sensitivity. Note that
our method does not rely on any manual annotation. Inference Stage: The representations
from query and reference images are compared based on similarity measure then the closest
k reference images constitute the image retrieval output.

zq of that image is computed. It is then compared to the descriptors {zi}i=1..NR of reference

images {xi}i=1..NR , where NR is the size of the reference database. The comparison is done

using a given similarity metric (e.g., cosine similarity). This inference stage is illustrated in

Figure (9.2).

During the training, the model only has access to reference images that we assume unla-

belled. Moreover, the environmental conditions under which the query image is acquired are

not necessarily similar to the ones featured in the reference database, making the problem

very challenging, even sometimes for human eyes.

9.3.2 Preliminaries: Robustness & Sensitivity

Our approach focuses on extracting image features that are both robust to appearance changes

and sensitive to geometric aspects. Mathematically, these properties correspond to the con-

cepts of invariance and equivariance. Formally, let G be a generic group of transformations

and g an element of G. The actions of g on the input and output spaces of a function
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F : I æ O are denoted by „(I)
g and „(O)

g , respectively.

In practice, considering an encoder model E for extracting features from an image x, we

seek robustness to any appearance transformation TA:

’TA, ’i œ [1; NR], E(TAxi) ¥ E(xi), (9.1)

while, at the same time, sensitivity to a certain group of geometric transformations GG:

’TG œ GG, ’i œ [1; NR], E(TGxi) ¥ T Õ
GE(xi), (9.2)

where T Õ
G

¥ TG. The di�erent possible groups of transformations are investigated in Section

(9.4).

9.3.3 Model Architecture

Our pipeline exploits both CL for encouraging invariance to appearance changes and PL for

encouraging sensitivity to geometric image augmentations. This hybrid approach is consis-

tent with the E-SSL framework proposed in [203]. The overall architecture of the proposed

CLASP-Net is presented in Figure (9.2).

At training time, CLASP-Net is composed of two branches sharing the weights of an

encoder model E . The first branch, denoted Appearance Module, takes as inputs the orig-

inal image xi and an augmented version with modified appearance TAxi, then applies a

contrastive learning loss in the representation space to bring the two descriptors closer.

The second branch, denoted Geometry Module, uses rotated versions of the original image,

T Õ
G

xi = R(n¶)xi, and predicts the angle of the rotation n.

Appearance Module. The first branch, divided into two sub-branches (see Figure (9.1)),

This setup is inspired by SimCLR [209] and employs a shared encoder E and MultiLayer Per-

ceptron (MLP) PA mapping between the image domain and the latent representation space

where the contrastive loss is applied. Given original images xi along with their augmented

versions TAxi, the weights of the two networks are learned using a contrastive loss. This loss,

formalized in Section (9.3.4), ensures that the descriptor of each version, e.g., E(PA(xi)),
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is similar to the descriptor of its corresponding view, E(PA(TAxi)), while distant from the

other descriptors. The intuition behind this module is to force the encoder model E to learn

features agnostic on the conditions (e.g. illumination, weather, season) under which the place

was initially observed.

Geometry Module. The second branch incorporates the same shared encoder E along with

a prediction-focused PG. This setup is designed to classify rotated versions of the original

image, denoted R(n¶)x, based on their rotation angle n. Utilizing a standard cross-entropy

loss, the module aims to train the encoder E to learn rich representations of scene layout

and spatial arrangement and capture geometry-sensitive features vital for accurate place

recognition.

Combined, these two modules work together to disentangle appearance and geometric

aspects of input images, enabling robust visual place recognition even when appearance con-

ditions vary. During inference, the architecture used to compute image descriptors consists

of the encoder E followed by the projector network PA , as shown in Figure (9.2) (right part).

9.3.4 Model Loss

(a) 

(b) 

(c) 

Figure 9.3: Examples of augmentations leveraged by CLASP-Net. Top row (a): an
original input batch from Oxford RobotCar v2 dataset, (b) pixel-level augmentations for
appearance changes, (c) random rotations applied on the original image.

Note: For the sake of clarity, we herein introduce more specific notations for denoting images
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and their augmented/rotated versions.

We use a combination of contrastive and predictive losses to steer our model toward

robustness to appearance changes and sensitivity to geometric variations.

Given a random batch of N reference images B = {xi,0}i=1..N corresponding to N di�erent

places, we apply one random appearance transformation to each image. By so doing, we

create N additional images {xi,1}i=1..N . These 2N images constitute the contrastive batch

BC = {xi,j}i=1..N,jœ{0,1} that is fed into the Appearance Module. Furthermore, we also apply

rotations of 0¶, 90¶, 180¶ and 270¶ to each original image. As a result, we create the predictive

batch of 4N images BP = {xi,j¶}i=1..N,jœ�4 , where �4 = {0¶, 90¶, 180¶, 270¶}. BP is fed into

the Geometry Module.

Contrastive loss. The contrastive batch BC contains N positive pairs of images (xi,0, xi,1)

depicting the same place, the rest being negative pairs corresponding to di�erent places. We

use NT-Xent loss [209] that leverages positive samples, and is based on the cosine similarities

between the obtained image representations z.,. = PA(E(x.,.)), expressed as

s(zi,j , zk,l) = zi,j · zk,l

Îzi,jÎÎzk,lÎ
, (9.3)

where · is the dot product.

Specifically, the contrastive loss is defined as

LC = 1
2N

Nÿ

i=1
¸0æ1(i) + ¸1æ0(i), (9.4)

where

¸aæb(i) = ≠log exp(s(zi,a, zi,b)/·)
q

N

k=1 1k ”=i

q1
j=0 exp(s(zi,a, zk,j)/·)

, (9.5)

with · denoting a temperature parameter that controls the strength of penalties on pairs of

non-corresponding images [118] and 1k ”=i being equal to 1 if k ”= i, and 0 otherwise.

The contrastive loss aims at making representations of the same place under di�erent con-

ditions similar to each other, while forcing representations of di�erent places to be di�erent.
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Data Augmentation Type Probability
Planckian Jitter 0.8

Color Jiggle 0.5
Plasma Brightness 0.5
Plasma Contrast 0.3

Gray scale 0.3
Box Blur 0.5

Channel Shu�e 0.5
Motion Blur 0.3

Solarize 0.5

Table 9.1: List of data augmentations applied to the images on-the-fly during training. We
also set a probability for each one of them.

Predictive loss. The predictive batch BP contains four rotated views of each place. The

task of this branch is to predict the rotation angle for each of the 4N pictures. We frame this

as a classification problem with 4 classes corresponding to 0¶, 90¶, 180¶ and 270¶ rotation

angles. The predictive loss is therefore the standard cross-entropy loss:

LP = ≠
Nÿ

i=1

ÿ

jœ�4

c(xi,j) · log(Âzi,j), (9.6)

where Âzi,j = Softmax(PG(E(xi,j))) œ R
4 is the prediction, log() the element-wise natural

logarithm, · the dot product and c(xi,j) œ R
4 the groundtruth with elements equal to 0

except the nth element equal to 1 if the true rotation is (n ≠ 1) ◊ 90¶.

Overall loss. The final loss is the combination of the contrastive loss for appearance ro-

bustness and predictive loss for geometry sensitivity:

L = LC + ⁄.LP , (9.7)

where ⁄ is a weighting factor to balance the two terms.
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9.4 Experimental Evaluation

9.4.1 Datasets

The Nordland dataset [233]: records a 728 km long train journey connecting the cities of

Trondheim and Bodø in Norway. It contains four long traversals, once per season, with diverse

visual conditions. The dataset has 35768 images per season with one-to-one correspondences

between them. We follow the dataset partition proposed by Olid et al. [234] with test set

made of 3450 photos from each season.

The Alderley dataset [211]: records an 8 km travel along the suburb of Alderley in

Brisbane, Australia. The dataset contains two sequences: the first one was recorded during

a clear morning, while the second one was collected on a stormy night with low visibility,

which makes it a very challenging benchmark. The dataset contains 14607 images for each

sequence and each place have 2 images. We train our approach on the day sequence and test

on the night sequence.

The Oxford RobotCar Seasons v2 dataset [235]: is based on the RobotCar dataset [236],

which depicts the city of Oxford, UK. It contains images acquired from three cameras mounted

on a car. There are 10 sequences corresponding to 10 di�erent traversals carried out under

very di�erent weather and seasonal conditions. The rear camera images of the overcast-

reference traversal (6954 images) are used as a basis for reference training images, to which

we add 1906 rear camera images from other traversals following the v2 train/test split. These

additional images cover di�erent environmental conditions but only a subset of places (not full

traversals). The test set contains 1872 images from all traversals except overcast-reference,

without overlap with training images.

9.4.2 Evaluation

The evaluation on both Nordland and Alderley datasets uses the recall R@N measure, which

consists in the proportion of successfully localized query images when considering the first N

retrievals. If at least one of the top N reference images is within a tolerance window around

the query’s ground truth correspondence, the query image is deemed succesfully localized.
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Method Nordland Summer/Winter
R@1 R@5 R@10

NetVLAD [216] 7.7 13.7 17.7
SFRS [237] 18.8 32.8 39.8
SuperGlue [238] 29.1 33.5 34.3
DELG [239] 51.3 66.8 69.8
Patch-NetVLAD [240] 46.4 58.0 60.4
TransVPR [241] 58.8 75.0 78.7
CLASP-Net (Ours) 53.0 73.8 80.2

Table 9.2: Quantitative results on Nordland dataset. Best results are in bold. Second best
results are in italic.

Method Alderley Day/Night
NetVLAD [216] 3.35
CIM [242] 7.82
Patch-NetVLAD [240] 7.99
Seqslam [211] 9.90
Retrained NetVLAD [243] 15.8
AFD [243] 21.0
CLASP-Net (Ours) 25.2

Table 9.3: Quantitative results on Alderley dataset. Best result is in bold.

The tolerance window is set to two frames distant from the query before and after, so that

the window contains 5 pictures. Following the common approach for NordLand [244, 245,

240], images of the winter sequence are used as queries, while the summer sequence is used

as reference.

For RobotCar-Seasons v2, we follow the Patch-NetVLAD [240] approach and utilize the

6-DoF pose of the best-matched reference picture as prediction of the query’s pose. Since we

don’t compute any pose, our image retrieval method is not comparable with pose estimation

methods such as MegLOC [246].

9.4.3 Implementation details

Encoder model E. We use ResNet50 [125] as the backbone, with pre-training on ImageNet

using the Timm library [247]. The last classification layer is discarded so that the model is

only used for the feature extraction.
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Rotation predictor PG. We use a simple 1-layer perceptron with layer normalization and

ReLU activation.

Projector PA We use a simple 1-layer perceptron with batch normalizations and ReLu

activation. The dimension of the output (i.e., image descriptor) is 1024.

Appearance Augmentations. Following domain generalization approaches, our model

leverages numerous pixel-level data augmentations to trigger appearance invariance bias in

the model. The list of pixel-level augmentations for appearance modification is provided in

Table (9.1), while examples of such augmentations are provided in Figure (9.3). The chosen

set of variations empirically achieved good performance whereas other tested combinations

were less favourable. We use the Kornia [248] library for self-supervised data augmentation.

Geometric Augmentations. Our training strategy encourages information about rota-

tions to be retained in the image representation rather than guaranteeing strict equivariance.

Moreover, the choice of this particular group of geometric transformations is the outcome of

experimentations whose results are presented in Figure (9.4). Empirically, we found that the

best performance is achieved with the cyclic group of 90¶ rotations, compared to the groups

of 2D a�ne transformations, 2D projective transformations, and 2D rotations.

Model training. The model is trained for 1000 epochs using Adam optimizer [249] and a

batch size of 64. Although contrastive learning usually requires larger batch size [250], using

Adam optimizer allowed us to obtain good results with a smaller batch size. A learning rate

of 0.003 had the best performance with this optimizer. The temperature parameter · is set

to 0.01 and the loss factor ⁄ is set to 1 in our experiments.

Inference. Prior to the inference stage, we pass the set of reference images to the Appear-

ance Invariant Module of the trained model: E æ PA æ L2≠normalization and thus build

a reference descriptor bank. A k-Nearest Neighbor search based on cosine similarity to find

the closest references to the query image.
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Figure 9.4: R@10 on Nordland Summer/Winter dataset with Geometry Modules relying on
di�erent groups of transformations.

9.4.4 Results

day conditions night conditions
dawn dusk OC-summer OC-winter rain snow sun night night-rain

m .25 / .50 / 5.0 .25 / .50 / 5.0 .25 / .50 / 5.0 .25 / .50 / 5.0 .25 / .50 / 5.0 .25 / .50 / 5.0 .25 / .50 / 5.0 .25 / .50 / 5.0 .25 / .50 / 5.0
deg 2 / 5 / 10 2 / 5 / 10 2 / 5 / 10 2 / 5 / 10 2 / 5 / 10 2 / 5 / 10 2 / 5 / 10 2 / 5 / 10 2 / 5 / 10

AP-GEM [251] 1.4 / 14.2 / 65.9 9.6 / 29.4 / 82.9 2.4 / 19.1 / 80.5 3.6 / 20.3 / 78.1 4.4 / 21.5 / 86.0 4.5 / 15.8 / 75.9 1.8 / 7.5 / 58.2 0.0 / 0.2 / 6.8 0.1 / 1.2 / 15.8
DenseVLAD [127] 4.5 / 24.3 / 79.6 12.5 / 38.9 / 89.1 3.8 / 27.4 / 90.8 4.1 / 27.1 / 85.6 5.4 / 29.0 / 91.4 6.7 / 25.5 / 85.1 3.2 / 11.0 / 67.1 1.4 / 2.7 / 23.2 0.6 / 5.2 / 29.8
NetVLAD [216] 2.2 / 16.8 / 73.3 11.4 / 31.0 / 85.9 3.2 / 21.5 / 90.9 4.1 / 22.6 / 84.0 4.2 / 22.2 / 89.4 5.2 / 20.1 / 80.8 2.4 / 10.4 / 70.3 0.2 / 1.2 / 9.1 0.3 / 0.9 / 8.8
DELG global [239] 1.6 / 10.9 / 66.4 8.9 / 23.9 / 81.3 2.1 / 16.5 / 77.6 3.5 / 18.5 / 73.6 3.9 / 20.5 / 87.9 3.6 / 13.5 / 73.5 1.0 / 6.4 / 59.6 0.2 / 0.7 / 7.6 0.1 / 1.6 / 13.8
DELG local [239] 1.7 / 10.4 / 78.3 2.5 / 7.3 / 76.8 1.1 / 8.9 / 84.2 1.2 / 9.1 / 83.2 1.2 / 4.5 / 76.8 3.5 / 10.9 / 80.8 3.3 / 12.6 / 85.2 1.4 / 7.6 / 38.6 2.4 / 11.9 / 53.0
SuperGlue [238] 4.3 / 24.6 / 84.8 12.7 / 40.3 / 88.6 5.0 / 31.5 / 95.0 4.5 / 30.2 / 88.6 5.9 / 30.1 / 91.8 7.0 / 25.4 / 87.2 3.3 / 17.1 / 83.9 0.5 / 2.2 / 27.9 0.9 / 5.4 / 31.8
Patch-NetVLAD [240] 4.8 / 72.5 / 86.2 13.5 / 72.0 / 89.5 5.3 / 80.9 / 94.5 6.3 / 71.3 / 89.8 5.9 / 79.3 / 92.1 7.8 / 75.9 / 87.9 4.8 / 67.3 / 83.4 0.5 / 12.4 / 24.9 1.0 / 19.0 / 30.8
TransVPR [241] 18.5 / 52.0 / 95.6 10.7 / 44.7 / 100.0 12.3 / 45.5 / 99.1 1.2 / 36.6 / 99.4 15.1 / 50.7 / 99.5 14.0 / 42.8 / 99.1 13.4 / 34.4 / 91.1 0.9 / 4.9 / 30.5 0.0 / 1.0 / 10.3
CLASP-Net (Ours) 8.4 / 26.9 / 88.1 5.1 / 25.9 / 89.8 7.1 / 32.7 / 84.4 0.6 / 22.6 / 91.5 12.7 / 42.9 / 93.7 8.8 / 31.2 / 90.2 8.9 / 22.3 / 76.8 0.0 / 2.3 / 14.0 0.0 / 3.0 / 14.8

Table 9.4: Quantitative results on RobotCar Seasons v2 dataset. Best results are in bold.
Second best results are in italic.

Tables (9.2), (9.3) and (9.4) show the results of CLASP-Net along with other approaches

on the three previously described datasets: partitioned Nordland, Alderley Day/Night and

RobotCar-Seasons datasets.

The results demonstrate that our method outperforms, by a large margin, standard base-

lines such as NetVLAD [216] and even local feature-based methods such as SuperGlue [238].

It outperforms Patch-NetVLAD [240] on Nordland dataset (Table (9.2)) and competes with it

on Robotcar Seasons v2 (Table (9.4)), despite the fact that Patch-NetVLAD leverages multi-
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scale descriptors whereas we rely on a single global descriptor. Only the transformer-based

architecture TransVPR [241] presents a higher performance as compared to CLASP-Net. We

note, however, that our model is based on simple ConvNet and MLP elements that can be

upgraded to improve the performance. Finally, it is worth noting that we achieve state-of-

the-art results on the very challenging Alderley dataset (Table (9.3)).

Qualitative results are presented in Figure (9.5) (Nordland dataset), Figure (9.6) (Alder-

ley) and Figure (9.7) (Robotcar Seasons v2). More qualitative results are included in sup-

plementary materials. One can see examples of queries and best retrieved images, along

with Grad-CAM [252] activations. These visualizations demonstrate that CLASP-Net, even

if trained without any labels, was able to learn features meaningful for outdoor localization

tasks such as skylines for instance.

We focused our study on learning global visual representations that are robust to ap-

pearance changes and suitable for VPR. Our results demonstrate that it is possible to learn

a model relying on constrastive self-supervision for robustness to appearance changes while

being able to perceive the geometric structure of the input image by enforcing geometric

prediction.

9.4.5 Discussion on Potential Limitations

Global image descriptors typically o�er greater robustness to environmental conditions at the

expense of being less tolerant to viewpoint changes compared to local descriptors [198]. Our

approach aims to further enhance the robustness to environmental conditions, allowing it to

handle extreme scenarios as seen in the Nordland or Alderley datasets e�ectively. However, it

is important to acknowledge that our method may encounter limitations when dealing with

datasets that feature significant viewpoint variations between reference and query images

for the same location, as our slightly weaker performance on the Oxford RobotCar dataset

suggests.
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Summer Reference Winter Query Grad-CAM Activation 

Figure 9.5: Visual Grad-CAM activation of input query winter image, along with
retrieved summer image from the Nordland dataset.
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Day Reference Night Query Grad-CAM Activation 

Figure 9.6: Visual Grad-CAM activation of input query night image, along with
retrieved day image from the Alderley dataset.
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 Reference Query Grad-CAM Activation 

Figure 9.7: Visual grad-CAM activation of input query image, along with retrieved
day image from the Oxford RobotCar Seasons v2 dataset.
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9.5 Conclusions

In this chapter, we presented CLASP-Net, a novel self-supervised approach designed for vi-

sual place recognition under challenging appearance variations. A significant advantage of

our method is its independence from human supervision. CLASP-Net is trained to learn fea-

tures that are both robust to appearance changes and sensitive to geometric nuances, serving

as abstract place representations useful for visual place recognition tasks. Our extensive ex-

perimental evaluations substantiate the e�ectiveness and e�ciency of the proposed approach.

As a direction for future research, we aim to extend our model’s capabilities by exploring

sensitivity to 3D geometric transformations through view synthesis techniques.
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Chapter 10

Conclusions and Future Prospects

10.1 Summary and Highlights

The focus of this thesis centers on vision-based Space Situational Awareness (SSA) and the

crucial task of estimating the relative pose of an uncooperative target in relation to a servicing

spacecraft. This task is particularly vital during proximity operations such as fly-arounds,

inspections, and close approaches in missions involving Active Debris Removal (ADR) and

On-Orbit Servicing (OOS).

In our research, we thoroughly examined the intricacies and challenges associated with

monocular vision-based systems for SSA. Such systems predominantly employ a single monoc-

ular camera as the primary navigation sensor. The preference for monocular cameras in these

applications is attributed to their advantages in terms of reduced mass, lower power consump-

tion, and simplified system complexity when compared to alternatives like active sensors or

stereo camera systems. This thesis provides a comprehensive analysis of these systems, em-

phasizing their application and e�cacy in the demanding realm of space navigation and

situational awareness.

For training machine learning systems, reliable data generation methods are essential. Our

work closely illustrates the SPARK simulation system we developed, which plays a critical

role in generating synthetic images.

We detailed our work in the SPARK competition, an initiative specifically designed to
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encourage research and innovation within the field of space target recognition and detection.

We explored the potential of an Equivariant Group Convolutional Neural Network (G-

CNN)-based method for relative pose estimation, aiming to learn geometric features for direct

pose estimation. This investigation was grounded in an understanding of the characteristics

and limitations of existing methodologies.

Dissecting the system into its fundamental tasks is essential to e�ectively determine the

capabilities and constraints of a relative pose estimation system. In particular, we argued that

the principal limitations of monocular vision-based systems are often linked to their CNN-

based feature extraction backbones. These backbones are tasked with extracting relevant

information from 2D images.

While standard feature detectors in these systems have traditionally been optimized pri-

marily for classification tasks, providing statistical insights about the presence of an object

and its varying poses, they tend to need to improve in encoding su�cient spatial information

in the extracted features. This limitation becomes particularly apparent in geometric infer-

ence tasks, such as relative pose estimation. Moreover, the performance of these systems can

be significantly impaired in challenging scenarios, such as with symmetric objects or objects

undergoing high degrees of transformation, such as in spacecraft pose estimation cases.

This thesis, therefore, focuses on addressing these shortcomings by enhancing the capabil-

ity of CNNs to encode spatial and geometric information pertinent to relative pose estimation

more e�ectively.

We also demonstrated the performance of our proposed equivariant pose estimation

method tailored for spacecraft pose estimation. Our findings reveal that this method exhibits

superior performance compared to other direct pose estimation approaches when tested on

standard datasets for spacecraft pose estimation. This highlights the e�ectiveness and ad-

vanced capabilities of our approach in accurately determining the spacecraft pose, a critical

aspect in the field of space situational awareness and related applications.

We introduced an innovative method for estimating the temporally consistent 3D tra-

jectory of space objects from footage captured by a single RGB camera. This approach is

pivotal in SSA, particularly for applications in ADR and OOS, where an accurate under-
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standing of space objects’ trajectories is crucial. Typically, relying on data from a single

image perspective leads to temporally inconsistent 3D position estimations, a challenge our

method e�ectively addresses.

Our space object trajectory estimation methodology is structured into two main phases

for enhanced accuracy. Initially, a convolutional neural network pinpoints the 2D location of

the space object. Then, these 2D coordinates are transformed into 3D space using a temporal

convolutional neural network, ensuring consistent temporal coherence in the 3D trajectory

estimations.

Our findings demonstrate that incorporating temporal information enhances the smooth-

ness and accuracy of 3D trajectory estimations for space objects. This advancement marks

a significant contribution to spatial tracking and analysis techniques, o�ering improved reli-

ability and precision in critical space mission scenarios.

We presented the performance of our proposed method for 3D trajectory estimation,

applying it to data from various sources, both real and synthetic. This exercise emphasized

the significance of understanding and addressing the domain gap between synthetic and real

images, which is crucial for e�ectively training and testing these models. Such insights are

particularly vital in the field of Space Situational Awareness and its related applications,

where accurate trajectory predictions are essential for successful mission execution and space

object tracking.

We presented our investigation into visual place recognition, specifically leveraging self-

supervised learning techniques to develop image features that are robust to appearance varia-

tions and sensitive to geometric changes. This approach has shown impressive results in visual

place recognition under diverse seasonal and lighting conditions, achieved without relying on

human-annotated labels.

The relevance of these appearance-resilient and geometry-aware features is particularly

pronounced for OOS systems operating in the often unpredictable space environment. These

systems require sophisticated visual recognition capabilities for e�ective navigation and op-

eration, and our self-supervised learning method o�ers a substantial advancement in this

area.

158



In contrast to traditional methods that depend on supervised learning and face challenges

in generalizing to unique conditions, our self-supervised approach provides a more adaptable

solution. By integrating contrastive and predictive learning paradigms, this approach yields

robust and geometrically sensitive image features, as evidenced by our results on standard

benchmarks. These outcomes demonstrate the competitiveness of our method in visual place

recognition and highlight the potential of self-supervised learning in bolstering the capabilities

of OOS systems within the challenging conditions of space.

10.2 Prospects for Future Research

In the context of monocular vision-based Space Situational Awareness, this thesis has iden-

tified several avenues for future research, each aiming to address the complexities inherent

in various subsystems of this field, from feature detection in image processing to filtering

estimates of the full relative state.

The proposed future research directions are as follows:

1. Development of a Data Engine: A key direction is the development of a data engine

designed to generate, train, and validate machine learning models, incorporating both

simulation and lab environments into the loop. This integrated approach would expedite

the development and validation of models for diverse tasks in OOS, ensuring rapid and

e�cient model optimization.

2. Sim2Real Domain Adaptation: The critical need to understand and address the

domain gap between synthetic and real images. This understanding is pivotal as it

holds the potential to unlock significant advancements in the field. Recognizing and

e�ectively bridging this gap can lead to more robust and accurate models, enhancing

their applicability and performance in real-world scenarios, particularly in the dynamic

and challenging environments characteristic of space missions. This aspect of research is

especially crucial for improving the training and validation of machine learning models

in On-Orbit Servicing (OOS) and other space-related applications, where the fidelity of
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image data plays a key role in the success of autonomous operations and navigational

tasks.

3. Deep Learning Models with Inductive Biases: Another promising area of research

involves the utilization of DL models that leverage inductive biases—whether geometric

or appearance-based—to create more compact models that nonetheless deliver superior

performance. Such models could o�er enhanced e�ciency and accuracy, particularly

beneficial in the context of space applications.

4. Modular Design of Machine Learning and Classical Methods: For spacecraft

3D trajectory estimation, a modular approach that combines machine learning tech-

niques with classical methods presents a fruitful area for exploration. By integrat-

ing DL-based models with classical filtering techniques like Kalman or particle filters,

we can achieve both accuracy and reliability. DL models, capable of handling large

datasets, are great for identifying complex patterns but might struggle with variable

conditions or require extensive computational resources. Classical methods o�er real-

time processing but can falter with intricate patterns or in the absence of accurate

system dynamics. Combining these methods leverages the pattern recognition capabili-

ties of DL models with the real-time processing strengths of classical methods, enhanc-

ing trajectory estimations for satellite tracking, collision avoidance, and navigation in

complex orbital environments.

In conclusion, this thesis represents a comprehensive exploration into the realms of ma-

chine learning and image processing within the context of space situational awareness and

On-Orbit Servicing. The work presented here lays a foundation for future innovations in the

field, highlighting the immense potential of advanced computer vision and machine learning

methods in addressing some of the most pressing challenges in space technology. As we look

forward to the future, it is clear that the intersection of machine learning, image processing,

and space technology holds exciting possibilities. The continued pursuit of understanding

and bridging the domain gap between synthetic and real images, alongside the development

of sophisticated algorithms and models, is set to profoundly influence the advancement of
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space exploration and operation. This thesis, with its insights and findings, aims to con-

tribute meaningfully to this ongoing journey of discovery and innovation in the vast expanse

of space.
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