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Abstract

Autonomous close-proximity operations around non-cooperative spacecraft are increas-
ingly required for inspection, servicing, and debris-related missions. In these scenar-
ios, guidance and control must trade propellant usage and conservative safety margins
against high-level mission objectives. When inspection relies on optical sensing, chal-
lenges become inherently correlated: the spacecraft must generate meaningful and in-
formative viewpoints while maintaining high camera-pointing quality, thus requiring full
6-DOF motion with coupled translation and attitude. This is especially critical when the
collected imagery is intended to support deep learning based 3D reconstruction, where
viewpoint diversity and controlled overlap directly affect reconstruction completeness and
consistency. To enable reconstruction-driven inspection, this work proposes an onboard,
receding-horizon guidance and control architecture that explicitly couples relative motion
regulation with mapping objectives and promotes a uniform, non-redundant viewpoints
distribution. A coverage memory defined on a spherical tessellation tracks exploration
progress, while a lightweight high-level planner selects the next viewing direction by max-
imizing expected coverage improvement and penalizing control effort. At the lower level,
a constrained 6-DOF model predictive controller generates feasible translational and atti-
tude trajectories based on Clohessy–Wiltshire–Hill relative translational dynamics and a
successively linearized rotational model, while preserving favourable imaging conditions.
End-to-end simulations with high-fidelity orbital propagation and robust model valida-
tion demonstrate dynamically feasible inspection trajectories, sustained progress toward
uniform coverage completion, and image sets that enable deep learning reconstruction.
Overall, the proposed framework enables mapping-oriented autonomy for inspection mis-
sions around non-cooperative targets under realistic operating conditions.

Keywords: Close-proximity operations, Receding-horizon guidance, Non-cooperative
spacecraft, Autonomous inspection, mapping-driven objectives





Abstract in lingua italiana

Le close-proximity operations autonome attorno a veicoli spaziali non cooperativi sono
sempre più richieste per missioni di ispezione, servizio e gestione dei detriti. In questi sce-
nari, la guida e il controllo del satellite devono bilanciare consumo di propellente e margini
di sicurezza con gli obiettivi di missione. Quando l’ispezione si basa su sensori ottici, le
difficoltà diventano intrinsecamente correlate: il satellite deve essere in grado di generare
punti di vista informativi mantenendo al contempo un’elevata qualità di orientamento
della camera, richiedendo quindi un moto a 6 gradi di libertà in cui traslazione e assetto
vengono accoppiati. Ciò è particolarmente critico quando le immagini acquisite devono
supportare una ricostruzione 3D attraverso metodi di deep learning, per la quale la di-
versità delle viste influenza direttamente la completezza e la coerenza della ricostruzione.
Questo lavoro propone un’architettura di guida e controllo a receding-horizon che unisce la
regolazione del moto relativo con gli obiettivi di mappatura del target, promuovendo una
distribuzione delle direzioni di vista uniforme e non ridondante. I progressi di esplorazione
vengono monitorati da un indicatore di copertura definito su una tassellazione sferica at-
torno al target, mentre un pianificatore seleziona la direzione di osservazione successiva
massimizzando l’incremento di copertura atteso e penalizzando il controllo richiesto. Un
controllore MPC a 6 gradi di libertà genera le traiettorie ammissibili, includendo sia moto
traslazionale, sfruttando le equazioni di Clohessy–Wiltshire–Hill, che assetto, tramite lin-
earizzazioni successive. Attraverso delle simulazioni, basate su un’accurata propagazione
orbitale e comprese di validazione del modello adottato, vengono generate traiettorie
dinamicamente consistenti, che presentano un progresso con crescita regolare verso la
copertura uniforme del target e la creazione di set di immagini idonei a supportare la
ricostruzione 3D. Nel complesso, la struttura proposta fornisce un metodo per l’ispezione
autonoma di target non cooperativi in scenari operativi realistici.

Parole chiave: Close-proximity operations, Guida con receding-horizon, Target non
coperativo, Ispezione autonoma, mappatura del target
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1| Introduction

This chapter introduces the context, motivation, and objectives of the thesis. The problem
of autonomous Close Proximity Operations (CPO) for imaging and deep learning based
3D reconstruction of non-cooperative targets is presented, together with the aim of this
research and the main contributions of this work.

1.1. Motivation

Autonomous Close Proximity Operations are becoming increasingly relevant across a wide
range of space-mission applications, spanning in-orbit servicing, end-of-life management,
active debris removal and the inspection of uncooperative targets such as unresponsive
spacecraft. These applications are unified by the need to operate safely in the immediate
vicinity of an object that may not provide cooperative aids, while meeting stringent
operational margins and retaining robustness to navigation errors and model mismatch
[1]. Similar considerations also arise in the exploration of small bodies, such as asteroids,
where sustained observation at a short range is required to infer shape, rotation state and
characterize surface properties [2].

At close range, guidance and control are subject to tight constraints that must be enforced
continuously, often at high update rates. Limited actuation authority, narrow safety
envelopes and hard operational requirements demand feedback strategies that remain
feasible under uncertainty. The autonomy problem is therefore not merely reaching a
terminal condition, but of shaping robust motion in real time while explicitly trading
propellant expenditure against mission objectives. Accordingly, guidance and control
must balance safety, robustness and performance throughout the mission.

This coupling becomes particularly evident in inspection oriented missions, where prox-
imity is primarily a means to acquire informative measurements. In an information driven
inspection setting, mission success is often determined by the quality and completeness
of the acquired data rather than by a terminal conditions. Optical imaging is especially
attractive due to its low mass and power footprint, but it imposes tight geometric re-
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quirements that directly translate into constraints on the admissible relative geometry.
These conditions must be satisfied throughout maneuvers within the actuation limits and
within prescribed safety envelopes, making imaging performance an integral part of the
guidance and control problem.

Imaging is a central sensing feature for CPO, as it supports both optical navigation and
non-contact target identification and characterization through the analysis of appearance,
relative motion, and observable geometric signatures. Beyond providing instantaneous sit-
uational awareness, an image dataset collected over time can be exploited to infer dynam-
ical and geometrical properties of the target, for instance by estimating relative pose and
angular motion and by integrating multiple observations into a coherent representation
[3].

A particularly relevant outcome of this process is the possibility of generating quantitative
three-dimensional models to characterize the observed body. To this end, several strate-
gies have been investigated, ranging from model based approaches that match projected
target features to image measurements, to multi-view pipelines that recover structure and
motion jointly from overlapping views [4]. More recently, learning based methods have
further expanded the operating envelope by improving robustness to partial observability,
illumination variability and limited prior knowledge of the target geometry [5].

Within this broader landscape, recent deep learning methods, and in particular Neural
Radiance Fields (NeRF)[6], provide a principled way to fuse multi-view imagery into a
continuous scene representation that supports novel-view synthesis and, when needed,
geometry extraction for downstream characterization [7, 8]. However, deep learning re-
construction remains sensitive to the distribution and accuracy of camera poses and data
quality. It benefits from guidance strategies that shape the data acquisition trajectory to
produce an image set compatible with the reconstruction pipeline, rather than treating
viewpoint selection as a post-processing concern [9].

Building on this perspective, this work focuses on the autonomous generation of inspection
trajectories for imaging-driven 3D reconstruction around a non-cooperative target. The
core problem is to design a real-time guidance and control strategy that explicitly trades
propellant usage against goal-oriented imaging performance.

1.2. Close Proximity Operations

Close Proximity Operations denote the set of guidance, navigation, and control activities
that enable a spacecraft to maneuver safely in the immediate vicinity of another space
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object [10], while satisfying stringent safety and operational constraints. In Earth orbit,
CPO are commonly framed within the broader Rendezvous and Proximity Operations
(RPOD) discipline. RPOD organizes proximity operations into successive phases, each
with its own verifications, contingency procedures and increasingly stringent constraint
sets as the vehicles close in. Depending on the mission objective, CPO can support
markedly different goals. These include close range inspection and characterization, as-
sisted or autonomous rendezvous and docking for servicing, capture or deorbit preparation
in debris removal scenarios, as well as proximity flight for interaction tasks such as landing
site assessment and descent initialization in small-body missions . Across these use cases,
the defining technical feature is the need to generate feasible trajectories and control ac-
tions under tight margins. Guidance decisions must simultaneously account for safety,
actuation limits and operational constraints. In the remainder of this section, the focus
is placed on the drivers that make CPO fundamentally constraint dominated and on the
implications for autonomous, goal-oriented guidance.

The interest in in-orbit inspection and autonomous proximity capabilities is driven by
multiple application domains. First, inspection is a prerequisite for in-orbit servicing and
life-extension [11]. In this setting, pre-capture characterization reduces risk by refining
target geometry, pose and potential hazards. Second, active debris removal and end-of-
life operations require robust close range manoeuvring around non-cooperative satellites
[12]. Here, the absence of docking aids and uncertain appendages amplify the need for
conservative safety envelopes [13]. Demonstrations and mission concepts in this area
highlight the operational value of inspection trajectories that can be executed with limited
ground intervention, while maintaining verifiable safety margins [13]. A closely related
motivation arises for small-body exploration. Proximity flight improves the fidelity of
surface, shape and rotational state characterization beyond what is feasible from ground
observations or distant flybys [14, 15]. Moreover, sustained visual coverage is explicitly
addressed through dedicated planning formulations [16].

CPO inherently present significant challenges because they operate in regimes where safety
margins are tight and sensing is strongly geometry dependent. Moreover, the quality of the
available relative state estimate directly impacts both feasibility and risk. In Earth-orbit
inspection of non-cooperative targets, these difficulties are primarily driven by the lack
of cooperative navigation supports and by the fact that the target pose and geometry
can be only partially observed and time varying. In addition, guidance must enforce
keep-out safety regions and operational envelopes while maintaining admissible viewing
conditions for perception [17, 18]. Similar challenges appear and in proximity operations
about small-bodies [19, 20].
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The literature commonly distinguishes orbital approaches, where the spacecraft exploits
stable periodic orbits when they exist [21], and hovering approaches, where continuous
control is used to maintain artificial equilibria above regions of interest [2]. In optical
inspection and surface mapping, illumination constraints are frequently mission driving:
observation opportunities can be restricted to sunlit time windows that depend on the
body rotation and local site geometry [19]. Planning strategies therefore account explicitly
for time-varying lighting feasibility, often coupling guidance with observation scheduling
to preserve both safety and mapping utility [20].

Non-cooperative targets and guidance challenges

The degree of target cooperativeness strongly influences both guidance design and naviga-
tion strategy. A target is considered cooperative if it actively provides state information to
the chaser or if it carries markers that facilitate relative state estimation. Exploiting this
cooperativeness or accurate prior model knowledge enables classical guidance approaches
to reduce uncertainty and to keep safety and operational constraints manageable.

For example, early work on formation flying and autonomous docking typically assumes
a cooperative and partially stabilized target, as reflected in safe rendezvous strategies
and in flight demonstrations of autonomous proximity manoeuvrers [22–24]. A related
category includes cooperative but uncontrolled objects that still broadcast state related
information, allowing trajectory design in close proximity despite the absence of tar-
get attitude control [25]. Other contributions remove active cooperation while retaining
the ability to estimate relative states through passive elements such as docking inter-
face markers, so that the target remains uncontrolled but can still be localized [26]. In
orbit around Earth, recent experiments have further advanced autonomy by demonstrat-
ing vision-based rendezvous and close-range operations against passive, non-cooperative
targets [27]. An analogous concept of relying on prior model knowledge rather than co-
operation has also been explored in CPO around small bodies, where irregular geometry
and rotation significantly shape feasible observation conditions [15, 28].

These approaches become inadequate when the model of the object under inspection is
not known a priori or cannot be trusted due to configuration changes, structural dam-
age, or evolving surface properties. In such regimes, guidance must explicitly account for
stringent safety and observation constraints while operating under evolving uncertainty,
which challenges classical trajectory design pipelines and motivates autonomy oriented
inspection strategies. A notable example in this direction is the SPHERES-VERTIGO
experiment [29], which demonstrated simultaneous localization and mapping of an un-
known and uncooperative target in a representative environment. Although primarily
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focused on navigation and reconstruction rather than manoeuvre planning, this exper-
iment directly encouraged the development of guidance algorithms that autonomously
select inspection manoeuvres around previously unknown non-cooperative resident space
objects.

Operationally, non-cooperativity affects planning and control in several coupled ways.
Constraint design becomes strongly tied to perception requirements, as maintaining in-
strument pointing and limiting occlusions under pose uncertainty drives conservative
standoff distances and viewpoint selection rules. Furthermore, when the target rotates,
both geometry and observability become explicitly time dependent, so that static corridors
or keep-out assumptions may be invalidated, motivating motion primitives and optimiza-
tion formulations that handle time-varying exclusion regions and passive safety properties.
Finally, guidance becomes more tightly coupled with attitude, since pointing requirements
and actuator geometry directly constrain admissible translational manoeuvres.

Inspection centric operations

Inspection-centric CPO differ from rendezvous or capture driven scenarios in that the
primary mission deliverable is information: the chaser spacecraft must generate trajecto-
ries that are simultaneously safe and dynamically feasible, yet also capable of acquiring
viewpoints that satisfy sensing requirements for target characterization. This requirement
is especially stringent in non-cooperative settings, where the target geometry and atti-
tude motion are only partially known and where observation constraints evolve in time,
as demonstrated by early in-space inspection experiments and inspection oriented frame-
works [19, 29]. Under these conditions, guidance cannot be posed purely as reaching a
terminal state, but must also encode task-driven objectives such as observing specific sur-
face features, improving surface coverage and refining shape or pose estimates, together
with operational envelopes and safety margins.

A representative illustration of how high-level goals translate into concrete observation
driven constraints is provided by image-based mapping campaigns for small bodies. For
the OSIRIS-REx mission[15], observational strategies and imaging sequences were ex-
plicitly designed to provide the inputs required by mission mapping results under tight
navigation and operational constraints. These products then support decision processes
related to deliverability, safety, sampleability, and scientific value assessment [30, 31].
This direct link between mission requirements, observation planning and derived prod-
ucts motivates autonomous formulations in which the spacecraft is assigned explicit task
objectives, namely what to observe and under which quality conditions, and computes
feasible trajectories accordingly instead of following a fixed reference optimized a priori.
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Within this goal-oriented paradigm, several planning architectures have been proposed
for small-body proximity operations. Sample-based abstract reachability techniques have
been used to plan impulsive manoeuvres within a receding-horizon Model Predictive Con-
trol (MPC) loop, trading observation performance against feasibility under uncertainty
[32]. The same concept has been extended to global mapping and to different mission
driven metrics, including feature observation objectives [33]. More recently, repeated tra-
jectory refinement strategies have been developed that define observation regions while
satisfying physical and operational constraints, explicitly accounting for navigation and
control uncertainties [20]. Collectively, these works motivate modern inspection architec-
tures in which a task level planner expresses what to observe next, while a constraint
aware optimizer enforces safety and feasibility at execution time.

Compared to the extensive small-body literature, where proximity dynamics are intrin-
sically uncertain and have long motivated dedicated modeling and guidance frameworks,
the works that tackle inspection guidance around unknown satellites is still relatively
limited, with only a few focused inspection-oriented contributions like [19].

In Earth orbit, CPO are widely treated in the literature, providing a solid dynamical
background. They are most conveniently posed in a target-centered relative frame, typ-
ically a Local Vertical Local Horizontal (LVLH) or Hill frame, which provides an oper-
ational parametrization of range, closing rate, and approach geometry [34]. Guidance
and constraint enforcement are then expressed in relative coordinates, while navigation
and high-fidelity propagation may still be carried out in an inertial frame and mapped to
LVLH through standard frame transformations.

For close-range phases in near-circular orbits, linearized relative dynamics offer multi-
ple tractable solution strategies and enable the formulation of computationally efficient
guidance laws. The Clohessy–Wiltshire–Hill (CWH) equations [35] provide a linear time-
invariant approximation and are routinely adopted as the prediction layer in real-time
guidance and optimization. Practical targeting and multi-maneuver design also frequently
leverage on CWH equations as a baseline for constrained guidance synthesis [36, 37].

Beyond CWH, alternative representations are used when geometry, perturbations, or the
operational envelope motivate a different trade-off. Relative Orbital Elements (ROEs)
offer an interpretable description that is particularly effective for formation flying and
maneuver planning, and have been used extensively in both guidance design and flight
demonstrations [1, 38]. For non-circular reference orbits, linear time-varying relative mo-
tion formulations and State Transition Matrix (STM) solutions (e.g., Tschauner–Hempel,
Yamanaka–Ankersen models) provide higher-fidelity predictors at increased modeling and
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implementation complexity [39].

Using linear predictors such as CWH (or ROEs based linear models) enables system-
atic inclusion of operational constraints, such as keep-out regions, corridor-like approach
restrictions, and relative state bounds, within convex or Quadratic Programming (QP)
subproblems that are compatible with onboard implementations [40]. For inspection
tasks, however, model selection must remain consistent with sensing requirements: feasi-
ble trajectories must preserve admissible viewing geometry (visibility, illumination, and
pointing), which motivates integrated architectures that coordinate translation with atti-
tude pointing and imaging scheduling [18].

Overall, the literature suggests that robust non-cooperative CPO are most effectively ad-
dressed by architectures that couple constraint aware proximity guidance with perception-
driven feasibility management, directly motivating the imaging-driven guidance and con-
trol strategies developed in the remainder of this work.

1.3. Model Predictive Control for Real-Time Space-

craft Guidance

Spacecraft guidance is often posed as a constrained optimal control problem. After dis-
cretization via direct transcription, it results in a finite dimensional Nonlinear Program-
ming (NLP) problem, where the decision variables typically include predicted state and
input sequences.

For onboard implementation, computational tractability is essential. This is often achieved
by exploiting structural properties of the problem, such as linearized prediction models
based on relative motion [40], convex or convexified constraint sets for safety and collision
avoidance [41] and quadratic cost functions compatible with QP solvers [37], allowing
efficient numerical strategies suitable for real-time execution. Alternatively, when non-
linear dynamics or constraints must be preserved, Nonlinear Model Predictive Control
(NMPC) formulations can be adopted, supported by tailored solvers or suboptimal exe-
cution strategies.

This motivates a variety of formulations ranging from linear MPC using simplified relative
dynamics [40] and convexified safety constraints [41], to nonlinear MPC approaches that
explicitly incorporate 6-Degrees of Freedom (DoF) coupled dynamics or tight operational
constraints.

Linear MPC formulations are particularly attractive in scenarios where the underlying dy-



8 1| Introduction

namics can be approximated by linear models such as the CWH equations. These enable
quadratic-programming formulations with linear inequality constraints. [40] proposes an
Linear-Quadratic Model Predictive Control (LQ-MPC) framework that encodes thrust
bounds, Line of Sight (LOS) corridor constraints, terminal velocity conditions, and obsta-
cle avoidance as linear constraints. The same work explores the use of explicit MPC for
the non-rotating target case, where the optimizer is replaced by a precomputed piecewise
affine control law. For tumbling targets, it is empathize the importance of dynamically
reconfiguring the constraint set as a function of predicted target motion.

Collision avoidance is a critical challenge in CPO, as keep-out zones and obstacles are
inherently nonconvex. In [42] the keep-out region is often modelled as an ellipsoid and
applies an adaptive convexification strategy via online linearization using geometry based
hyperplanes. This approach improves feasibility and performance, especially for rotating
targets. The importance of constraint handling quality for mission feasibility is also echoed
in other previous studies for proximity maneuvers [43].

Inspection or capture operations often require 6-DoF modeling and control. This is ad-
dress in [37] developing a time-constrained NMPC framework that allows suboptimal
solution application within a fixed budget while retaining stability via suboptimal MPC
theory. Their architecture combines a CWH-based translational model with a nonlinear
attitude dynamic, and adopts warm-starting and real-time iteration techniques to meet
computational constraints. Related efforts explore comparisons with robust/adaptive con-
trol, learning based MPC and Sequential Convex Programming (SCP) based methods for
constrained 6-DoF proximity maneuvers [36, 41].

In inspection-driven missions, MPC is often embedded within goal-oriented architectures
where high-level planners determine what observations are required, and MPC enforces
feasibility and safety in execution. This structure is explored in small-body applications
such as [32, 33], where viewpoint planning is coupled with receding-horizon MPC using
reachability sets. Similar concepts are applied to urban and Low Earth Orbit (LEO)
inspection contexts in [19].

In summary, the MPC literature for close-proximity operations spans efficient QP based
linear formulations for constrained relative-motion guidance, NMPC schemes that handle
coupled 6-DoF dynamics through solver aware implementations. Increasingly, these direc-
tions converge into hierarchical, goal-oriented architectures for inspection and servicing
missions operating under uncertainty.
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1.4. Deep learning and NeRF based 3D reconstruc-

tion in space

Deep learning methods, and in particular Neural Radiance Fields, have recently emerged
as an attractive option for image-driven 3D reconstruction when classical multi-view
pipelines struggle with sparse viewpoints, limited texture, or strong photometric vari-
ability [5]. In the context of close-proximity inspection, the interest is not limited to
producing visually plausible renderings since they can provide dense, view-consistent in-
formation that supports downstream tasks such as model completion, viewpoint assess-
ment, and pose refinement, thereby turning the image set collected during the CPO into
a reusable geometric and photometric proxy of the target.

NeRF provide an implicit, continuous representation of a scene that can be optimized
directly from multi-view imagery by enforcing photometric consistency through differ-
entiable rendering [6]. In inspection scenarios, NeRF-like models are attractive because
they transform a sequence of close-range images into a view-consistent representation that
supports novel view synthesis and, when required, geometry extraction for downstream
characterization [8]. This shifts part of the burden from hand-crafted feature extraction
toward differentiable rendering based optimization, but it also exposes new sensitivities:
pose accuracy, illumination variability, and the distribution of viewpoints directly shape
reconstruction quality and convergence behaviour.

A first family of approaches targets 3D reconstruction under the assumption that camera
geometry is known with sufficient accuracy, and focuses on mitigating the limited observ-
ability typical of space imagery. One representative direction augments NeRF training
with predicted depth priors to stabilize optimization and improve geometric consistency,
reducing ambiguity when views are sparse or poorly conditioned [44]. Related work ad-
dresses imaging degradations common in on-orbit inspection, combining restoration steps
with efficient NeRF parameterizations to improve robustness and runtime in space-target
scenarios [45]. Earlier studies also explored NeRF based reconstruction from optical im-
agery with wide baselines, emphasizing both the promise of implicit representations and
their dependence on reliable camera modeling and sufficient viewpoint diversity [46].

For small-body mapping, NeRF type models are particularly appealing because obser-
vation geometry and illumination are inherently time varying and often mission driving.
Recent work adapts neural rendering to asteroid imagery and combines implicit represen-
tations with shape regularization to recover detailed surface geometry under challenging
photometric conditions [7]. Compared to satellite inspection, the small-body case places
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stronger emphasis on robustness to rotationally induced illumination changes, extended
shadows, and heterogeneous albedo, reinforcing the need to treat viewpoint and illumi-
nation management as operational requirements rather than post-processing preferences.

A second line of work addresses a dominant bottleneck in non-cooperative proximity
operations: accurate camera poses are rarely available a priori. A representative pipeline
trains a NNeRF from a sparse set of spaceborne images and then uses the learned radiance
field to synthesize a dataset for training a spacecraft pose estimation network, enabling
pose estimation even when a reliable target CAD model is unavailable [47]. This approach
treats illumination variability as a first-order issue by relying on in-the-wild NeRF variants
with appearance embeddings [48]. Complementarily, bundle-adjusting NeRF formulations
jointly refine camera registration and implicit reconstruction starting from imperfect pose
priors, reducing pose-induced inconsistency during training [49].

Space-focused studies have also begun to tighten the coupling between reconstruction
and state estimation. One line adapts NeRF variants to the 3D reconstruction of non-
cooperative Resident Space Object (RSO) highlighting sensitivities that matter under
flight-like conditions [50] [51]. Another frames joint attitude estimation and neural recon-
struction as a space Simultaneous Localization and Mapping (SLAM) problem, aligning
rendered predictions to observations to estimate both attitude evolution and 3D rep-
resentation [52]. Together, these works reinforce the link to imaging-driven guidance:
reconstruction quality is shaped by viewpoint and illumination sampling, naturally moti-
vating guidance strategies that regulate relative motion and pointing to sustain admissible
viewing conditions during the inspection.

1.5. Research Objectives

This thesis considers autonomous close-proximity inspection of a non-cooperative target
with the goal of enabling image-based 3D reconstruction. In this setting, the chaser must
operate within a restricted safety envelope and under strict actuation limits, while the
target is considerate not tumbling and only coarse geometric information is available.
As a result, the inspection cannot be framed solely as a terminal guidance problem, but
rather as a persistent decision-making process in which safe relative motion and camera
viewing conditions must be sustained over time, and the sequence of viewpoints becomes
a key mission driver.

Within this context, the overarching objective is to acquire an image set that is suitable
for reconstruction by enforcing the viewing conditions required by the imaging pipeline
and by shaping the relative motion so that observations are distributed around the target
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in a sufficiently complete manner. At the same time, these requirements must be pur-
sued without compromising feasibility, respecting safety margins and the limited control
authority typically available in close-proximity operations.

The specific research objectives are:

1. To define a unified problem in which imaging requirements and operational con-
straints are addressed simultaneously during close-proximity motion.

2. To characterize and promote inspection completeness through the viewpoint distri-
bution, despite partial initial knowledge of the target geometry.

3. To pose the resulting decision-making problem in a form compatible with real-time,
onboard execution.

These objectives frame the problem addressed in this thesis and highlight the underlying
trade-offs between safe, feasible proximity operations and strict viewing requirements,
while ensuring that the collected observations are not only admissible but also sufficiently
informative to support reliable reconstruction.
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2| Background

This chapter summarizes the mathematical framework adopted in this work, introducing
the notation and reference frames, the dynamical models, and the optimization formula-
tion employed throughout the thesis

2.1. Notation

A consistent notation is adopted to describe vectors, matrices, reference frames, and
attitude representations. Bold lowercase letters denote vectors (e.g., r,v,ρ,ω), while
bold uppercase letters denote matrices (e.g., A,B,J). The Euclidean norm is ∥ · ∥, the
unit vector is x̂ = x/∥x∥, and In and 0n denote identity and zero matrices.

Reference frames are denoted by calligraphic capital letters. The main frames considered
are the Earth-Centered Inertial (ECI) frame E , the target-centered Local Vertical Local
Horizontal (LVLH) frame L, the chaser body frame B, and the camera frame C. A quantity
expressed in a given frame A is indicated by the subscript (·)A when required.

Rotations are represented by Direction Cosine Matrix (DCM) CA/B ∈ SO(3), mapping
coordinates from B to A as xA = CA/BxB, with composition CA/C = CA/BCB/C and
CB/A = CT

A/B.

The cross product is ×, and the associated skew-symmetric matrix is [·]×, such that
[a]×b = a× b.

[a]× =

 0 −a3 a2

a3 0 −a1
−a2 a1 0

 . (2.1)

Attitude is represented primarily through Modified Rodrigues Parameters (MRPs) σA/B ∈
R3 associated with the DCM CA/B and angular velocity is denoted by ωA/B, representing
the angular velocity of frame A with respect to B. When needed, the expression frame is
specified via a superscript, e.g., ωB

B/L.
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2.2. Reference Frames

The reference frames adopted throughout this work are summarized as follows:

• Earth-Centered Inertial (ECI) Reference Frame E is adopted as the inertial
reference frame of the problem, with ẑE aligned with the Earth’s spin axis. The
ECI frame is used to describe the absolute orbital motion of the spacecrafts and to
perform high-fidelity propagation and validation of the system dynamics.

• Local Vertical Local Horizontal (LVLH) Reference Frame L is defined as a
non-inertial frame associated with the orbital motion of the target spacecraft, with
origin at the target center of mass. Let rE and vE denote the target inertial position
and velocity in E , the LVLH unit axes are x̂L = rE/∥rE∥, ẑL = (rE × vE)/∥rE ×
vE∥, and ŷL = ẑL × x̂L. Relative position, velocity, and control inputs of the
chaser are expressed in this frame, and the translational dynamics are formulated
accordingly. The rotation of L with respect to E is explicitly accounted for through
the corresponding kinematic relations.

• Body reference frame B is defined as a frame rigidly attached to the chaser
spacecraft, with origin at its center of mass and axes aligned with the principal
inertia axes of the structure. This frame provides a natural description of the
spacecraft rotational motion and is used to define attitude-dependent quantities
and the orientation of onboard instruments and actuators.

• Camera reference frame C is rigidly attached to the imaging sensor mounted on
the chaser spacecraft. The optical axis is aligned with ẑC, while x̂C and ŷC span
the image plane. The relative orientation between C and B is assumed fixed and
known and is used to evaluate pointing constraints, field-of-view conditions, and
imaging-related performance metrics.

x̂E

ŷE

ẑE

x̂L
ŷL

ẑL

x̂B

ŷB

ẑBx̂C ŷC

ẑC

OT

OS

Figure 2.1: Reference frames overview.
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2.3. Dynamic Models

Achieving an accurate and complete mapping of a non-cooperative target requires mod-
eling both the relative translational motion between chaser and target and the rotational
motion of the chaser. While translation governs the geometric evolution of the inspec-
tion trajectory, attitude determines the orientation of onboard sensors and, when thrust
is body-fixed, the effective direction of the applied acceleration. Spacecraft attitude is
therefore essential to satisfy pointing and imaging constraints, such as Field of View
(FoV) and Line of Sight (LOS) requirements. Accordingly, autonomous inspection and
imaging missions require a coupled treatment of translational motion and attitude.

2.3.1. Translational Dynamics

The translational dynamics are expressed in the Earth-centered inertial frame E ECI. Let
r,v ∈ R3 be the absolute position and velocity expressed in E . The equations of motion
are modeled as a two-body dynamics augmented by additional perturbing accelerations,

ṙ = v

r̈ = −µ r

∥r∥3
+ aJ2(r) + adist

(2.2)

where µ is the Earth’s gravitational parameter, aJ2 models the acceleration due to the
oblateness term J2, and adist collects additional unmodeled or neglected perturbations. A
compact expression for the J2 acceleration in E is

aJ2(r) =
3

2
J2

µR2
⊕

r5


x
(
5 z2

r2
− 1
)

y
(
5 z2

r2
− 1
)

z
(
5 z2

r2
− 3
)
 , r = ∥r∥, r = [x y z]T , (2.3)

Close-proximity operations are commonly modeled using relative dynamics expressed in a
target-centered local frame. The motion is described in the LVLH frame L, whose origin
is fixed at the center of mass of the target. Let rT and rC denote the inertial positions of
the target and chaser, the relative position and velocity are then defined as

ρ = rC − rT , vrel = ρ̇. (2.4)
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The relative acceleration in a rotating frame is given by

ρ̈ =
(
aC − aT

)
+ u− 2ωL/E × vrel − ω̇L/E × ρ− ωL/E ×

(
ωL/E × ρ

)
. (2.5)

where ωL/E is the angular velocity of the LVLH frame with respect to the inertial frame.
The inertial accelerations aT and aC follow from (2.2), with the chaser additionally actu-
ated by a control acceleration.

The relative motion of a chaser spacecraft with respect to a target on a circular reference
orbit can be expressed through the Clohessy–Wiltshire–Hill (CWH) equations. The CWH
model is obtained by performing a first-order linearization of the gravitational acceleration
about the target trajectory, while accounting for the inertial effects associated with the
rotating LVLH frame. This leads to a Linear Time-Invariant (LTI) representation under
the standard CWH assumptions:

(i) the target follows a circular reference orbit of radius r0;

(ii) the LVLH frame rotates at constant rate ωL/E = [0 0 n]T with n =
√
µ/r30 and

ω̇L/E = 0;

(iii) relative distances satisfy ∥ρ∥ ≪ r0, allowing the gravitational field to be linearized
about the target position.

The resulting LTI form enables efficient discretization and fast solution of the optimization
problem. Accordingly, the relative motion in L is described by the CWH equations

ẍ− 2nẏ − 3n2x = ux,

ÿ + 2nẋ = uy,

z̈ + n2z = uz,

(2.6)

where ρ = [x y z]T is the relative position and u = [ux uy uz]
T denotes the control

acceleration expressed in LVLH. A detailed derivation of Equation (2.6) is available [35]

The translational state and the control input are defined as

xp =

[
ρ

vrel

]
=
[
x y z ẋ ẏ ż

]T
, up = aL ∈ R3, (2.7)

with these definitions, the Clohessy–Wiltshire–Hill equations can be written in compact
form as
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ẋp = Λp xp +Gp up, (2.8)

with

Λp =



0 0 0 1 0 0

0 0 0 0 1 0

0 0 0 0 0 1

3n2 0 0 0 2n 0

0 0 0 −2n 0 0

0 0 −n2 0 0 0


, Gp =



0 0 0

0 0 0

0 0 0

1 0 0

0 1 0

0 0 1


. (2.9)

For a linear time-invariant system, its homogeneous solution can be expressed through
the State Transition Matrix Φp(tk, tk+1) as

xp(tk+1) = Φp(tk, tk+1)xp(tk) (2.10)

Let ∆t ≜ tk+1−tk, for the CWH dynamics, the STM can be written as Φp(tk, tk+1) = eΛp ∆t

and admits the following closed-form expression:

Φp(tk, tk+1) =



4− 3c 0 0 s
n

2
n
(1− c) 0

6(s− n∆t) 1 0 2
n
(c− 1) 1

n
(4s− 3n∆t) 0

0 0 c 0 0 s
n

3ns 0 0 c 2s 0

6n(c− 1) 0 0 −2s 4c− 3 0

0 0 −ns 0 0 c


, (2.11)

where s = sin(n∆t), c = cos(n∆t)

Assuming a zero-order hold on the control acceleration over each sampling interval ∆t,
the CWH state-space model admits an exact discrete-time form

xp,k+1 = Adxp,k +Bdup,k, Ad = Φp(tk, tk+1), Bd =

∫ ∆t

0

Φp(ξ)Gp dξ, (2.12)

with ξ ∈ [0,∆t).

2.3.2. Rotational Dynamics and Attitude Kinematics

Attitude motion is modeled to support imaging-driven operations, where the feasibility
and quality of each observation depend on the camera orientation. The attitude is de-
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scribed as the orientation of a body-fixed B with respect to a reference frame, and can
be parametrized using Modified Rodrigues Parameters σ ∈ R3 together with the angular
velocity ω.

MRPs provide a minimal three-parameter attitude representation and admit direct map-
pings to quaternions and direction cosine matrices. Let qB/L = [q0 qT

v ]
T denote the unit

quaternion associated with the rotation from L to B (i.e., mapping coordinates from L
to B). The corresponding MRPs are

σ =
qv

1 + q0
, (2.13)

with inverse mapping

q0 =
1− σTσ

1 + σTσ
, qv =

2σ

1 + σTσ
. (2.14)

The attitude can equivalently be represented by the associated direction cosine matrix
CB/L(σ) is written in closed form as

CB/L(σ) = I3 +
8[σ]2× − 4

(
1− σTσ

)
[σ]×

(1 + σTσ)2
, (2.15)

Rigid-body rotational dynamics are governed by Euler’s equation expressed in body co-
ordinates. Let ωB/E denote the angular velocity of B with respect to the inertial frame E
expressed in B, and let J ∈ R3×3 be the inertia matrix. Including control and disturbance
torques,

J ω̇B/E + ωB/E ×
(
JωB/E

)
= τ + τgg + τdist, (2.16)

where τ is the commanded control torque, τgg is the gravity-gradient torque, and τdist
collects additional unmodeled disturbances. A compact expression for the gravity-gradient
torque is

τgg = 3
µ

∥r∥3
r̂B × (J r̂B) , r̂B =

CB/ErE
∥rE∥

. (2.17)

In LVLH referenced formulations, the attitude kinematics are expressed in terms of the
relative angular velocity ωB/L, which drives the MRPs dynamics as

σ̇B/L =
1

4
Ξ(σB/L)ωB/L, (2.18)

with
Ξ(σ) =

(
1− σTσ

)
I3 + 2[σ]× + 2σσT , (2.19)
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A common representation expresses the rotational state in the body frame B and includes
the inertial angular velocity ωB

B/E together with attitude parameters such as σB/L. This
choice retains the standard Euler equation for rigid-body dynamics, while the LVLH
relative rate can be recovered from the frame kinematics. Accordingly, the rotational
motion is governed by the coupled system

J ω̇B
B/E + ω

B
B/E ×

(
JωB

B/E

)
= τ + τgg + τdist,

σ̇B/L = 1
4
Ξ(σB/L)ω

B
B/L.

(2.20)

The LVLH-relative angular velocity appearing in (2.20) is obtained from the composition
of angular velocities as

ωB
B/L = ωB

B/E −CB/L(σ)ω
L
L/E . (2.21)

For a circular reference orbit of mean motion n, the LVLH frame rotates uniformly with
respect to E , so that

ωL
L/E =

00
n

 , ω̇L
L/E = 0. (2.22)

Substituting (2.22) into (2.21) provides an explicit algebraic mapping from the inertial
rate state to the LVLH relative rate used in the attitude kinematics.

Defining the rotational state and input as

xr =

[
ωB

B/E

σB/L

]
∈ R6, ur = τ ∈ R3, (2.23)

the system (2.20) can be written in compact nonlinear form as

ẋr = f(xr, t) +Gr ur +wr(t), Gr =

[
J−1

03×3

]
, (2.24)

where f collects the nonlinear rigid-body terms together with the LVLH coupling intro-
duced by (2.21), while wr represents residual disturbances.

Given the nonlinear nature of (2.24), a Linear Time-Varying (LTV) approximation can
be obtained by first order linearization along a reference trajectory. Let x̄r(t) denote a
reference rotational trajectory. A first order expansion about x̄r(t) yields the LTV model
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ẋr(t) = Λr(t)xr(t) +Gr ur(t) + cr(t), (2.25)

where

Λr(t) = ∇f(x̄r) =
∂f

∂xr

∣∣∣∣
x̄r(t)

, cr(t) = f(x̄r(t), t)−Λr(t) x̄r(t). (2.26)

Assuming constant inputs over each interval [tk, tk+1) and freezing Λr, cr at tk, the
discrete-time dynamics become

xr,k+1 = Ar,k xr,k +Br,k ur,k +Dr,k cr,k, (2.27)

with

Ar,k = Φr(tk, tk+1) = eΛr,k∆tk ,

Br,k =

∫ tk+1

tk

Φr(ξ, tk+1) Gr dξ =

∫ ∆tk

0

eΛr,k(∆tk−ξ) Gr dξ,

Dr,k =

∫ tk+1

tk

Φr(ξ, tk+1) dξ =

∫ ∆tk

0

eΛr,k(∆tk−ξ) dξ,

(2.28)

(2.29)

(2.30)

where ∆tk = tk+1 − tk and ξ ∈ [tk, tk+1). Over a given reference trajectory, the matrices
{Ar,k,Br,k,Dr,k, cr,k} are evaluated and treated as constant over each interval.
Appendix A reports the explicit entries of Λr(t) used to compute Ar,k, Br,k, and Dr,k.

2.3.3. Camera Geometry and Field of View

The camera is modeled using a pinhole geometry, which provides a compact and widely
adopted representation of the imaging process through a finite Field of View defined by
the camera intrinsic parameters. Let (fx, fy) denote the focal lengths in pixel units and
(W,H) the image width and height. The horizontal and vertical fields of view are

FOVh = 2arctan

(
W

2fx

)
, FOVv = 2arctan

(
H

2fy

)
. (2.31)

These angles define a camera viewing cone in the camera frame, which characterizes the
set of directions that can be imaged at each time instant.
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x̂B

ŷB

ẑBx̂C ŷC

ẑC

FOVv

FOVh
H

W

Figure 2.2: Pinhole camera geometry and field-of-view definition.

2.4. The Optimal Control Problem

Optimal Control Problem (OCP) provides a convenient mathematical framework to de-
termine a control history that minimizes a prescribed performance index while satisfying
the system dynamics and a set of operational constraints.

Let t ∈ [t0, tf ] denote a continuous time. The system is described by a state trajectory
x(t) ∈ Rnx and a control history u(t) ∈ Rnu . The goal is to determine x(t),u(t) to
minimize an objective functional J , while satisfying the dynamics and a set of operational
constraints. This can be stated as

min
u∈U

J
(
x(t),u(t)

)
, (2.32)

subject to the following constraints:

• Dynamics. The system evolution is governed by a set of differential equations

ẋ(t) = f
(
x(t),u(t), t

)
, x(t0) = x0, (2.33)

where f = [f1, f2, ..., fn]
T ∈ Rnx may also depend on constant parameters assumed

known over [t0, tf ].

• Path constraints. A set of limitations to be enforced along the optimal solution and
modeled as inequality constraints

g
(
x(t),u(t), t

)
≤ 0, t ∈ [t0, tf ], (2.34)
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and as equality constraints

h
(
x(t),u(t), t

)
= 0, t ∈ [t0, tf ]. (2.35)

• Boundary conditions. Initial and terminal constraints at t0 and tf

ψmin ≤ ψ
(
x(t0),u(t0), t0; x(tf ),u(tf ), tf

)
≤ ψmax. (2.36)

The equality case ψ(·) = 0 is recovered by setting ψmin = ψmax = 0.

• Simple bounds. Enforced on state and control through

x(t) ≤ x(t) ≤ x(t), u(t) ≤ u(t) ≤ u(t), t ∈ [t0, tf ], (2.37)

which is equivalent to requiring x(t) ∈ X (t) and u(t) ∈ U(t) for suitable admissible
sets.

The objective functional J is expressed in Bolza form,

J
(
x(t),u(t)

)
≜ ϕ

(
x(tf ), tf

)
+

∫ tf

t0

L
(
x(t),u(t), t

)
dt, (2.38)

where L is a function of state and control and time and ϕ denotes a terminal contribution.

To characterize optimal solutions of the continuous-time problem, first order necessary
conditions from the calculus of variations are recalled. Lagrange multipliers are introduced
for the dynamic constraint and for the boundary conditions. Let ν ∈ Rq denote the
constant vector of multipliers associated with the boundary constraints, and let λ(t) ∈ Rnx

denote the time-varying costate vector associated with the dynamics. The augmented
objective functional is defined as

J̄ = ϕ
(
x(tf ), tf

)
+ ν⊤ψ

(
x(tf ),u(tf ), tf

)
+

∫ tf

t0

[
L
(
x(t),u(t), t

)
+ λ(t)⊤

(
f
(
x(t),u(t), t

)
− ẋ(t)

)]
dt.

(2.39)

which embeds the dynamics and the final boundary conditions into the objective func-
tional. The necessary conditions for a stationary point of J̄ are obtained by imposing
that its first variation vanishes: δJ̄ = 0. In order to write these conditions in compact



2| Background 23

form, it is convenient to define the Hamiltonian

H
(
x,λ,u, t

)
≜ L(x,u, t) + λ⊤f(x,u, t). (2.40)

Accordingly, the necessary conditions can be expressed as

ẋ = Hλ, λ̇ = −Hx, 0 = Hu, (2.41)

where subscripts denote partial derivatives. These relations are also referred to as the
Euler–Lagrange equations. The first equation is equivalent to the system dynamics, the
second describes the evolution of the costates, and the third provides an algebraic opti-
mality condition for the control.

The Equation (2.41) must be solved together with the endpoint constraints and the asso-
ciated transversality conditions, which depend on the boundary specifications.
A comprehensive treatment of the OCP formulation and of first order necessary conditions
is available in [53, 54].

2.5. Nonlinear programming

The Optimal Control Problem defined in (2.32)–(2.37) is infinite-dimensional, as the de-
cision variables are functions of time. In order to obtain a computable formulation, a
standard approach consists in discretizing the time horizon and translating the continuous-
time dynamics and constraints into a finite set of algebraic relations. After discretization,
the problem can be recast as a finite dimensional Nonlinear Programming (NLP) problem.

In its general form, an NLP consists in determining a finite dimensional decision vector
z ∈ Rnz that solves

min
z∈Rnz

Jd(z)

s.t. c(z) = 0,

d(z) ≤ 0,

zmin ≤ z ≤ zmax,

(2.42)

where Jd : Rnz → R denotes the discretized objective function, c : Rnz → Rnc collects
equality constraints, and d : Rnz → Rnd collects inequality constraints. The bounds zmin

and zmax represent admissible ranges and are typically treated separately due to their
special numerical structure.

Through this construction, the differential equations (2.33) are replaced by algebraic con-
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straints enforcing the discrete-time system evolution, while the continuous-time path and
boundary constraints are translated into corresponding algebraic equalities and inequali-
ties.

The first order optimality conditions for the NLP in Equation (2.42) are given by the
Karush–Kuhn–Tucker (KKT) conditions. Let λ ∈ Rnc and µ ∈ Rnd denote the La-
grange multipliers associated with equality and inequality constraints, respectively. The
Lagrangian function is defined as

L(z,λ,µ) ≜ Jd(z) + λ
⊤c(z) + µ⊤d(z), (2.43)

A point z⋆ is said to satisfy the KKT conditions if there exist multipliers (λ⋆,µ⋆) such
that

∇zL(z⋆,λ⋆,µ⋆) = 0,

c(z⋆) = 0,

d(z⋆) ≤ 0,

µ⋆ ≥ 0,

µ⋆⊤d(z⋆) = 0.

(2.44)

(2.45)

(2.46)

(2.47)

(2.48)

Conditions (2.44)–(2.48) express, respectively, stationarity of the Lagrangian, primal fea-
sibility, dual feasibility, and complementarity. Under suitable regularity assumptions,
any local minimum of (2.42) must satisfy the KKT conditions. A complete and detailed
formulation is presented in [53, 55].

2.5.1. Direct transcription

Direct transcription converts the continuous-time OCP into a finite-dimensional NLP by
introducing a temporal discretization and parametrizing the decision functions over each
grid interval. The resulting formulation is expressed in terms of a finite set of algebraic
variables and constraints, while retaining the structure of the original cost functional and
feasibility requirements.

Consider a temporal grid {tk}Nk=0 with

t0 < t1 < · · · < tN ≜ tf , ∆tk ≜ tk+1 − tk. (2.49)

and define the nodal approximations xk ≈ x(tk) and uk ≈ u(tk). A direct transcription
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introduces a finite dimensional decision vector collecting all nodal values

w ≜
[
xT
0 , . . . , xT

N , uT
0 , . . . , uT

N−1

]T
∈ Rnw . (2.50)

The continuous-time objective (2.38) is approximated by a quadrature rule compatible
with the chosen parameterization, yielding a discrete cost of the form

Jd(w) ≜ ϕ(xN , tf ) +
N−1∑
k=0

L(xk,uk, tk)∆tk. (2.51)

The differential constraints (2.33) are translated into algebraic relations that enforce
discrete-time consistency between consecutive nodes. In general terms, this is achieved
by introducing defect constraints of the form

∆k(xk+1,xk,uk) = 0, k = 0, . . . , N − 1, (2.52)

where ∆k(·) depends on the adopted discretization scheme.

Likewise, path and boundary constraints are discretized by enforcing them at the tran-
scription points, producing sets of equalities and inequalities that approximate (2.34)–
(2.37). Collecting the discrete objective (2.51) and all algebraic constraints yields an
NLPin the general form stated in Equation (2.42), with w as decision vector.

Since constraints are enforced at a finite set of points, satisfaction between nodes is
not guaranteed in general. The NLP solution accuracy and feasibility depend on the
grid resolution and on the chosen transcription scheme. Moreover, the resulting NLP
is typically nonconvex, so numerical solvers are expected to converge to locally optimal
solutions.

2.6. Model Predictive Control

Model Predictive Control (MPC) is a control strategy in which control actions are ob-
tained by repeatedly solving a finite-horizon OCP. At each sampling instant, the current
state of the system is measured or estimated, an optimization problem is solved over a
prediction horizon, and only the first control action of the resulting optimal sequence
is applied to the system. The procedure is then repeated at the next sampling instant
using updated state information. From a conceptual standpoint, MPC can be interpreted
as the receding-horizon implementation of the corresponding finite-dimensional NLP ob-
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tained after discretization. Standard MPC formulations and receding-horizon concepts
are discussed in [56].

Let the system be described by the discrete-time dynamics induced by the chosen tran-
scription,

xk+1 = Fk(xk,uk), (2.53)

and consider a finite prediction horizon of length N . At a generic time index k, MPC
solves a finite-horizon optimal control problem of the form

min
{xi,ui}k+N−1

i=k

ϕ(xk+N , tk+N) +
k+N−1∑
i=k

L(xi,ui, ti)∆ti

s.t. xk = x̂k,

xi+1 = Fi(xi,ui), i = k, . . . , k +N − 1,

c(xi,ui, ti) = 0,

d(xi,ui, ti) ≤ 0,

x ≤ xi ≤ x, u ≤ ui ≤ u,

(2.54)

where x̂k denotes the measured or estimated state at time tk.
The optimization problem (2.54) has the same structure as the NLP derived from the
continuous-time OCP, but with the initial state constraint updated at each time step.

Let {u⋆
i }k+N−1

i=k denote an optimal solution of (2.54). The MPC control law is defined by
the first element of the optimal input sequence

κN(x̂k) ≜ u⋆
k, uk = κN(x̂k), (2.55)

which makes the resulting system evolve according to

xk+1 = Fk

(
xk,κN(x̂k)

)
, k = 0, 1, 2, . . . (2.56)

At the next sampling instant, the horizon is shifted forward by one step and the opti-
mization problem (2.54) is re-solved with the updated initial condition xk+1 = x̂k+1.

This receding-horizon policy provides inherent feedback, allowing MPC to compensate for
model mismatch, disturbances and uncertainties, while explicitly enforcing state and input
constraints. Nonetheless, since the underlying NLP is generally nonlinear and nonconvex,
practical MPC implementations typically guarantee convergence only to locally optimal
solutions and must account for computational limitations in real-time applications.
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This work considers the guidance and control of a spacecraft operating in close proximity
to a geometrically unknown target to support an optical imaging campaign for a deep
learning based three-dimensional reconstruction. The reconstruction pipeline prescribes
empirically tuned viewing conditions to ensure reliable neural rendering. This requires
keeping the target within the camera Field of View, maintaining a bounded Line of Sight
pointing error, and operating within a bounded range with a near constant standoff that
preserves overlap across consecutive images. While the target orbital parameters are
assumed known, its size and shape are not available a priori. As a result, the exploration
trajectory cannot be fully specified in advance and must be determined sequentially.

A preliminary identification stage providing coarse geometric bounds is assumed com-
pleted prior to the phase addressed in this thesis.

Based on these assumptions, the chapter introduces the discrete-time predictive model
used for guidance, formulates the associated finite-horizon Optimal Control Problem and
outlines its transcription into a constrained finite-dimensional optimization problem.

3.1. Discrete-Time Predictive Model

Building upon the translational and rotational equations of motion introduced in Chap-
ter 2, we now define the discrete-time Model Predictive Control within the receding-
horizon optimizer. The purpose of this section is to formalize the optimization variables,
the compact state–input representation and the discrete-time propagation used to enforce
prediction consistency over the MPC horizon.
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3.1.1. State and control parametrization

Let the MPC state and input be

xk ≜


ρk

vk

ωk

σk

 ∈ R12, uk ≜

[
ak

τk

]
∈ R6. (3.1)

Unless otherwise stated, ρk and vk denote the chaser relative position and velocity ex-
pressed in the target LVLH frame L, while ωk ≡ (ωB/L)k and σk ≡ σB/L,k are the
body angular rate and attitude (MRPs) defined in Chapter 2, expressed in B. Similarly,
ak ≡ (aL)k is the translational control acceleration in L and τk is the control torque in
B. The sampling time is Ts ≜ ∆t and the prediction horizon is N .

In the numerical implementation, the predictive model, constraints, and objective terms
are formulated in dimensionless variables obtained through a fixed set of scaling constants,
defined once and kept unchanged throughout the simulation. This normalization improves
numerical conditioning and mitigates the large separation in magnitudes between trans-
lational and rotational quantities, while preserving the structure of the underlying model.
Dimensional quantities are explicitly marked whenever used.

A distance scale L⋆ is adopted to represent the characteristic length of the inspection
task. In this work, L⋆ is selected to be of the order of the nominal imaging distance, i.e.,
the range expected to provide favorable conditions for the reconstruction pipeline. The
orbital time scale is defined as

T ⋆ ≜
1

n
, (3.2)

namely the inverse mean motion, which sets the natural timescale of the LVLH dynamics.
The associated velocity and acceleration scales follow as V ⋆ = L⋆/T ⋆ and A⋆ = L⋆/(T ⋆)2.

For the rotational dynamics, a representative inertia magnitude J⋆ is extracted from the
physical inertia tensor, and a rotational rate scale Ω⋆

rot is chosen to be of the order of the
maximum admissible body rate. This yields the torque scale Γ⋆ = J⋆(Ω⋆

rot)
2. Finally, the

dimensionless ratio
η ≜

Ω⋆
orb

Ω⋆
rot

=
1/T ⋆

Ω⋆
rot

, (3.3)

is introduced to capture the separation between the orbital and attitude time scales, and
it appears explicitly in the dimensionless rotational model.
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Scale Definition Normalization
Length L⋆ ρ = ρphys/L

⋆

Time T ⋆ = 1/n t = tphys/T
⋆, Ts = Ts,phys/T

⋆

Velocity V ⋆ = L⋆/T ⋆ v = vphys/V
⋆

Acceleration A⋆ = L⋆/(T ⋆)2 a = aphys/A
⋆

Rate (orbital) Ω⋆
orb = 1/T ⋆ —

Rate (body) Ω⋆
rot ω = ωphys/Ω

⋆
rot

Inertia J⋆ J = Jphys/J
⋆

Torque Γ⋆ = J⋆(Ω⋆
rot)

2 τ = τphys/Γ
⋆

Timescale ratio η = Ω⋆
orb/Ω

⋆
rot —

Table 3.1: Adopted scaling constants and dimensionless variables.

3.1.2. Discrete-time predictive dynamics

The receding-horizon optimization requires a discrete-time predictor consistent with the
translational and rotational equations of motion derived in Chapter 2. The aim here
is to introduce a compact state space representation and the discrete-time propagation
enforced over the horizon under piecewise constant inputs.

Define the translational state vector and control input as

xp,k ≜

[
ρk

vk

]
∈ R6, up,k ≜ ak ∈ R3. (3.4)

From the continuous-time CWH state-space model in Equation (2.8) and assuming a(t)

constant over each interval [tk, tk+1), the exact discrete-time translational predictor reads

xp,k+1 = Ap xp,k +Bp up,k, (3.5)

where Ap,Bp follow from Equation (2.12). Since the translational dynamics are time-
invariant for fixed (n, Ts), Ap,Bp are computed once and reused across the horizon and
across MPC iterations.

Define the rotational state vector and control input as

xr,k ≜

[
ωk

σk

]
∈ R6, ur,k ≜ τk ∈ R3. (3.6)

Since the rotational dynamics are nonlinear in xr, a first order affine approximation is
therefore constructed along a reference rotational trajectory x̄r(t), ūr(t) over the pre-
diction window, as detailed in Equation (2.25). By holding the resulting linearization
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coefficients constant over each sampling interval and applying the exact discretization
presented in Equation (2.27), the discrete-time rotational predictor is written as

xr,k+1 = Ar,k xr,k +Br,k ur,k + fr,k. (3.7)

Over the prediction horizon, the rotational dynamics are LTV affine through (Ar,k,Br,k, fr,k).
These coefficients are obtained from the current reference trajectory, kept fixed within
each solve, and recomputed at the next MPC iteration after the reference is updated.
The specific construction of the reference trajectory adopted in this work is part of the
solution strategy and is discussed in Chapter 4.

Stacking the translational and rotational predictors yields the overall discrete-time model[
xp,k+1

xr,k+1

]
︸ ︷︷ ︸

xk+1

=

[
Ap 0

0 Ar,k

]
︸ ︷︷ ︸

Ak

[
xp,k

xr,k

]
︸ ︷︷ ︸

xk

+

[
Bp 0

0 Br,k

]
︸ ︷︷ ︸

Bk

[
up,k

ur,k

]
︸ ︷︷ ︸

uk

+

[
0

fr,k

]
︸ ︷︷ ︸

dk

, (3.8)

where Ak and Bk are block-diagonal and dk collects the affine term induced by the
attitude linearization. The coupled nature of the problem is captured by the optimization
formulation introduced in the following sections.

3.2. Objectives

The guidance problem addressed in this work is formulated as a receding-horizon NLP
with a finite prediction horizon, where the decision variables {xk,uk}Nk=0 are constrained
by the discrete-time dynamics in Equation (3.8) and by the operational constraints intro-
duced in the following section. The objective is designed to optimize the close-proximity
inspection performance over the prediction horizon. It promotes viewing conditions that
support reliable image acquisition and downstream reconstruction, while explicitly ac-
counting for the resource driven nature of spacecraft operations. In particular, imaging
and surface mapping requirements must be balanced against actuation usage, since lim-
ited propellant and bounded control authority always constrain manoeuvres, long term
mission performance and spacecraft mass.

Let ℓk(xk,uk) denote the stage cost at time tk, and let ℓN(xN) denote the terminal con-
tribution. The criterion minimized by the MPC is

J ≜
N−1∑
k=0

ℓk(xk,uk) + ℓN(xN). (3.9)
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Each ℓk is defined as a weighted combination of terms with different roles in the problem.
Specifically,

ℓk(xk,uk) = ℓimg
k (xk) + ℓfuelk (uk) + ℓexpk (xk), (3.10)

where ℓimg
k promotes imaging-oriented performance, ℓfuelk penalizes actuation effort as a

fuel proxy, and ℓexpk introduces additional state shaping to support exploration objectives.
This partition is adopted to make the role of each component explicit within a single
constrained NLP.

Each term is defined to reflect its intended physical role and is cast into a smooth penalty
to ensure well behaved derivatives for gradient based solvers. Penalty functions with con-
straint like behavior are constructed using continuously differentiable surrogates, allowing
requirements such as FoV compliance and range keeping to be enforced strongly while pre-
serving smoothness. The choice of penalizing these requirements, rather than enforcing
them as hard constraints, is discussed in Section 3.2.1 together with its implications for
feasibility and robustness.

3.2.1. Imaging-Driven Terms

Achieving reliable deep learning based reconstruction requires maintaining viewing con-
ditions identified by the reconstruction pipeline and validated through empirical tuning.
In particular, the guidance is designed to keep the camera boresight within a prescribed
Field of View about the Line of Sight to the target and to remain within prescribed range
bounds while promoting a near-constant standoff distance around its nominal value. Ac-
cordingly, the imaging-driven stage cost is defined as

ℓimg
k (xk) ≜ wp ℓ

p
k(xk) + wr ℓ

r
k(xk), (3.11)

where ℓpk captures the pointing performance and ℓrk enforces range keeping. The scalar
weights wp and wr tune the relative importance of the two terms within the overall cost.

To interpret the imaging-related parameters, it is first useful to define the adopted viewing
geometry. Let ρk ∈ R3 denote the relative position expressed in L, and define the range
and the LOS direction as

rk ≜ ∥ρk∥2, dL,k ≜ −ρk

rk
. (3.12)

Let bB ∈ R3 denote the camera boresight expressed in the body frame. Assuming a rigid
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mounting and the optical axis is aligned with the body x-axis

bB ≜ ẑBC , ẑBC ≡ x̂B. (3.13)

Let CBL(σk) be the direction cosine matrix mapping vectors from L to B. The boresight
expressed in L is then

bL,k ≜ CBL(σk)
⊤ bB. (3.14)

The cosine of the boresight–LOS misalignment angle is

φk ≜ b⊤
L,kdL,k (3.15)

so that φk = 1 corresponds to perfect alignment.

Pointing. The pointing penalty is designed with a dual purpose: it enforces a constraint-
like behavior when the target leaves the camera FoV, and it simultaneously discourages
unnecessary oscillations by promoting a perfect alignment. Let θfov denote the FoV half-
angle and define cfov ≜ cos θfov, so that FoV compliance is expressed by φk ≥ cfov. A
smooth violation measure is introduced as

zk ≜ cfov − φk, sk ≜ ϕ(zk), (3.16)

where ϕ(·) is a smooth hinge surrogate hat activates only when the argument becomes
positive, while remaining continuously differentiable. In this work, the implementation
adopts the softplus form

ϕ(z) ≜
1

κ
log
(
1 + eκz

)
, κ > 0. (3.17)

The resulting pointing stage cost is defined as

ℓpk(xk) ≜ wp,out s
2
k + wp,in

(
1− φk

)
, (3.18)

where wp,out ≫ wp,in > 0 imposes a large penalty outside the FoV cone (zk > 0), while
the second term provides a mild centering action within the cone (zk ≤ 0).

Range-keeping. Similarly to the pointing cost, the range term enforces an annulus-like
behavior by penalizing deviations from an admissible inspection window while encouraging
operation near a nominal distance, thus maintaining an approximately constant imaging
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scale along the inspection arc. Let rmin and rmax denote the admissible range bounds
and let ropt be a nominal distance reflecting the desired image scale for the reconstruc-
tion pipeline, such that ropt ∈ [rmin, rmax]. Using the same smooth hinge surrogate ϕ(·)
introduced in Equation (3.17), the range-keeping cost is defined as

ℓrk(xk) ≜ wr,out

(
ϕ(rmin − rk)

2 + ϕ(rk − rmax)
2
)
+ wr,in

(
rk − ropt

rmax − rmin

)2

, (3.19)

where wr,out ≫ wr,in > 0 yields a high weight penalty outside the admissible window,
while driving the chaser spacecraft towards ropt.

The nominal distance ropt is selected based on reconstruction-driven requirements ex-
pressed in terms of target image occupancy, defined as the fraction of the camera field of
view subtended by the target. For a target of radius Rtgt and a camera FoV half-angle
θfov, a desired occupancy level η ∈ [ηmin, ηmax] defines an admissible apparent angular di-
ameter δ = η θfov. Considering a spherical target, the corresponding line-of-sight distance
ρ follows from the geometric relation

sin(δ/2) =
Rtgt

ρ
, r = ρ−Rtgt, (3.20)

which induces an admissible radial interval r ∈ [rmin, rmax] associated with ηmin and ηmax.
In this work, ropt is chosen as a nominal value within this interval, consistently with the
camera parameters and the occupancy targets adopted in the reconstruction pipeline.

3.2.2. Exploration Direction Tracking

A complete mapping of the unknown target requires multiple replanning cycles, as the
high-level planner updates the desired exploration direction throughout the inspection. To
guide the trajectory toward the current exploration direction, an additional state-shaping
term is introduced. Let q̂k ∈ R3 denote the unit exploration direction in L, and define
the corresponding reference position as ρref

k ≜ ropt q̂k. A quadratic shaping term is then
written as

ℓexpk (xk) ≜
(
ρk − ρref

k

)⊤
Qρ

(
ρk − ρref

k

)
, (3.21)

where Qρ ⪰ 0 weights the attraction toward the exploration reference.

3.2.3. Fuel Proxy and Control Effort

In addition to imaging and exploration requirements, the optimization must remain com-
patible with spacecraft resource limitations. For this reason, propellant usage is accounted
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for through a proxy based on control actuation. Actuation is regularized via penalties
on the commanded translational acceleration and attitude torque. Using the admissible
maximum magnitudes amax and τmax for normalization, the effort term is defined as the
weighted quadratic form

ℓfuelk (uk) ≜ wa
∥ak∥22
a2max

+ wτ
∥τk∥22
τ 2max

. (3.22)

The acceleration term acts as a fuel proxy, whereas the torque term mainly regularizes
attitude actuation and limits aggressive rotational commands.

3.3. Constraints

The NLP is subject to hard operational constraints enforcing safety and actuator limita-
tions. Imaging-related requirements, namely FoV and range-keeping, are handled through
penalty terms as in Section 3.2 rather than as hard constraints, since small and temporary
deviations may help preserve feasibility and reduce control effort.

Dynamics constraints. For k = 0, . . . , N − 1, the state sequence is constrained to
satisfy the discrete-time predictor Equation (3.8),

xk+1 −Akxk −Bkuk − dk = 0. (3.23)

Keep-out constraint. Collision avoidance is enforced through a minimum relative dis-
tance from the target. The target is conservatively modeled as a sphere, although ellip-
soidal keep-out sets could be adopted if a more detailed geometry were available. Let
rk ≜ ∥ρk∥2 and let rKOZ > 0 denote the Keep-Out Zone (KOZ) radius. The constraint
reads, for k = 0, . . . , N ,

rk ≥ rKOZ. (3.24)

Here rKOZ is selected from a geometric bound on the target size Rtgt plus an operational
margin, i.e., rKOZ = Rtgt + rmargin, with rKOZ ≤ rmin. The constraint is enforced at the
transcription nodes and for sufficiently small sampling times Ts inter-sample violations
are unlikely in the present close-proximity regime and can be verified a posteriori by
trajectory interpolation. While a strong range penalty may already discourage unsafe
proximity in some scenarios, Equation (3.24) is imposed as a hard constraint to guarantee
safety and maintain generality.
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State and input bounds. Component-wise bounds are imposed to reflect admissible
operating envelopes and actuator limits. For k = 0, . . . , N ,

−vmax ≤ vk ≤ vmax, −ωmax ≤ ωk ≤ ωmax, (3.25)

and for k = 0, . . . , N − 1,

−amax ≤ ak ≤ amax, −τmax ≤ τk ≤ τmax. (3.26)

The attitude parametrization σk is left unconstrained, while the attitude motion is effec-
tively limited through (3.25)–(3.26).

Command-rate constraints. To reflect actuator limitations and to prevent fast com-
mand changes, bounds are imposed on the control input variations. For k = 1, . . . , N −1,

−∆amax ≤ ak − ak−1 ≤ ∆amax, −∆τmax ≤ τk − τk−1 ≤ ∆τmax. (3.27)

These bounds promote smoother control sequences and improve solver robustness.

3.4. MPC problem statement and transcription

The elements introduced in the previous sections can be collected into a finite-horizon
constrained optimal control problem, which is solved in a receding-horizon formulation.
At each MPC update, the guidance law is obtained by solving a finite-horizon constrained
optimal control problem built from the predictive dynamics in Section 3.1.2, the objective
function in Section 3.2 and the operational constraints in Section 3.3. Over a prediction
window of N steps, the decision variables are the state and input sequences {xk,uk}Nk=0,
where xk = [x⊤

p,k x⊤
r,k]

⊤ and uk = [u⊤
p,k u⊤

r,k]
⊤ as stated in (3.4)–(3.6). Let x̂0 denote

the available state information at the current sampling instant, the finite-horizon MPC
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problem is stated as the NLP

min
{xk,uk}

N−1∑
k=0

ℓk(xk,uk) + ℓN(xN)

s.t. x0 = x̂0,

xk+1 = Akxk +Bkuk + dk, k = 0, . . . , N − 1,

∥ρk∥2 ≥ rKOZ, k = 0, . . . , N,

− xmax ≤ xk ≤ xmax, k = 0, . . . , N,

− umax ≤ uk ≤ umax, k = 0, . . . , N − 1,

−∆umax ≤ uk − uk−1 ≤ ∆umax k = 1, . . . , N − 1.

(3.28)

Let {u⋆
k}N−1

k=0 be an optimal solution of Equation (3.28). The MPC law is defined by the
first input of the optimal sequence

κN(x̂0) ≜ u⋆
0, u0 = κN(x̂0), (3.29)

and the procedure is repeated at the next sampling instant after updating the initial
condition and shifting the prediction window forward by one step.
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Autonomous Target Mapping

This chapter presents the guidance, control and planning algorithms developed in this
work. The objective is to acquire an image dataset that supports subsequent 3D re-
construction by promoting informative viewpoints and uniform coverage while limiting
propellant consumption. Emphasis is placed on the rationale for the main design choices
and on the practical implementation details that enable a modular, flexible architecture.
The proposed framework is designed for online operation and to accommodate uncertain-
ties inherent to the inspection task, including unknown target geometry, evolving coverage
information, and data-driven updates available during the inspection.

The discussion first introduces the overall software architecture and the coverage memory
representation used to track mapping progress and trigger replanning. It then details
the episodic direction planner and the receding-horizon MPC implementation and finally
presents the closed-loop setup used for validation.

4.1. High Level Architecture

The proposed architecture is organized into a set of interacting modules operating at
different time scales. A high-level planner updates the exploration direction episodically,
based on the current mapping progress and on replanning triggers. A receding-horizon
MPC runs at every sampling instant and solves a constrained finite-horizon NLP to gen-
erate the control action. Mapping progress is tracked through a coverage memory that is
updated at each step and provides the planner with a compact representation of what has
already been observed. Closed-loop validation is carried out using a high-fidelity simula-
tor, which propagates the system dynamics over each sampling interval under the applied
control.

After the environment is initialized, the closed-loop execution follows a receding-horizon
scheme. At each sampling time, the current coverage status is evaluated and the replan-
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ning logic decides whether the active exploration direction should be updated. Given
the current state estimate and the selected direction, the corresponding NLP is posed
consistently with the formulation in Chapter 3 and solved over the prediction horizon.
The chaser then applies only the first control input of the optimal sequence over the next
sampling interval. The high-fidelity simulator then integrates the state over the same in-
terval and the coverage memory is updated based on the resulting geometry and visibility
conditions. This cycle repeats until the termination criteria are met, as summarized in
Figure 4.1.

SET-UP

PLANNER

NLP
• build LTV dynamics
• warm-start
• solve NLP

PROPAGATION

COVERAGE UPDATE

Termination
condition?

OUTPUT

Replan
needed?

x0, parameters, C0

q̂k

uk

xk+1

Ck+1

yes

no

no

yes

Figure 4.1: Closed-loop workflow.
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4.2. Mapping process and coverage memory

This section introduces the geometric representation adopted to monitor mapping progress
and to support the coverage driven planner.

4.2.1. Exploration space discretization

The goal of the mapping task is to acquire an image set that is as uniformly distributed
over the target as possible. Since the target is non-cooperative and its geometry is not
assumed known a priori, the discretization must be defined in a way that is simple, robust,
and suitable for online replanning. For this reason, the target is initially approximated
as a sphere. This assumption serves to provide a clean geometric baseline to define
viewing regions and to quantify coverage. Once additional geometric information becomes
available, the same construction can be generalized to an ellipsoid.

Given the admissible imaging radii rmin and rmax already defined in Section 3.2.1, the
viewing space is restricted to the corresponding spherical shell. The remaining question is
how to partition this shell into regions that support a uniform and well-distributed cover-
age of the target surface. This step is essential because it allows the mapping objective to
be translated into a practical online requirement. This can be achieved by discretizing the
unit sphere into a set of nearly equal-area directions and using them to induce a partition
of the angular domain.

To generate Nd uniform viewing directions, a Spherical Fibonacci lattice is adopted. The
method can be interpreted as wrapping a golden spiral around the sphere and sampling
it at Nd points, as illustrated in Figure 4.2, providing a near-uniform distribution on the
sphere. Let Φ denote the golden angle,

Φ = π
(
3−
√
5
)
, (4.1)

and let i ∈ {0, . . . , Nd − 1} be an index. The vertical coordinate zi is chosen to be
uniformly spaced, while the azimuth βi is incremented by Φ,

zi = 1−
2(i+ 1

2
)

Nd

, βi = iΦ. (4.2)
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Defining ri =
√
1− z2i , the corresponding unit direction is then obtained as

qi =

ri cos βi

ri sin βi

zi

 , ∥qi∥2 = 1. (4.3)

The logic behind this parametrization is that linear spacing in z promotes equal-area sam-
pling over latitude bands, while the irrational increment of βi avoids repeated alignments
along meridians. As a result, each direction qi can be regarded as the nominal center of a
region that, on average, represents approximately the same portion of the viewing sphere.
This sampling strategy follows [57].
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Figure 4.2: Fibonacci lattice with Nd = 20.

Once the direction set is defined, it is still necessary to associate each direction with a
unique angular region. This is achieved by constructing a spherical Voronoi tessellation
[58]. Intuitively, the Voronoi cell associated with qi contains all unit vectors that are
closer to qi than to any other direction. The implementation follows a simple half-space
construction: for each pair (i, j), the boundary between the two cells is described by a
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plane through the origin whose normal is the difference vector

nij = qi − qj. (4.4)

A unit vector s ∈ S2 belongs to the half-space dominated by qi if

(qi − qj)
⊤s ≥ 0. (4.5)

Therefore, the Voronoi cell associated with qi is obtained as the intersection of all the
corresponding half-spaces,

Vi =
{
s ∈ S2

∣∣ (qi − qj)
⊤s ≥ 0, ∀j ̸= i

}
. (4.6)

For each index i the set of normals nij is precomputed and stored as a matrix Pi ∈
R(Nd−1)×3, where each row corresponds to one separating plane. This makes region mem-
bership checks straightforward, since they reduce to evaluating a set of linear inequalities
on the normalized direction.

Figure 4.3: Voronoi tessellation and mapping zones with Nd = 16.

Finally, each angular cell is extended over the admissible radial interval
[
rmin, rmax

]
,



42 4| Software Architecture for Autonomous Target Mapping

yielding Nd volumetric mapping zones. As illustrated in Figure 4.3, the angular partition
corresponds to a spherical Voronoi tessellation on the unit sphere. Each region then
defines a volume inside the spherical shell bounded by the two radii, with lateral faces
given by the separating planes and radial caps lying on the spheres of radii rmin and
rmax. This construction yields a clear geometric picture of the zones and leads to a simple
membership check based on linear inequalities.

4.2.2. Coverage memory

The progress of target mapping is tracked online through a coverage memory that mea-
sures the amount of effective imaging time accumulated in each mapping zone. The
objective is to encourage an approximately uniform coverage of the target, so that the
collected dataset is informative for the subsequent 3-D reconstruction.

A key point is that the imaging requirements are enforced in the MPC through smooth
penalties and are therefore not guaranteed at every sampling time. For this reason, the
coverage is not incremented using the time spent in a region only. Instead, the update
is conditioned to the instantaneous viewing geometry and range, so that the coverage
represents time spent in a zone while the camera is effectively able to acquire usable
images. At each step, the current state is processed by a dedicated module that evaluates
whether the imaging conditions are satisfied and determines the mapping zones associated
with the current line-of-sight direction.

Let Ck ∈ RNd
≥0 denote the coverage memory at time tk, where Ck,i is the accumulated

effective imaging time in zone i. The update is computed from an imaging gate and a
smooth zone membership vector. In the following, ρ̂k = ρk/∥ρk∥2 denotes the viewing
direction (target → chaser), while the camera line-of-sight is dL,k = −ρ̂k.

Imaging gate. The imaging gate is a scalar gk ∈ [0, 1] that weights the update so that
coverage accumulates only when the chaser lies within the admissible stand-off range and
the camera orientation satisfies the FoV requirement. It is constructed as

gk = grangek gfovk , grangek ∈ [0, 1], gfovk ∈ [0, 1]. (4.7)

The range factor grangek depends on the current relative distance rk = ∥ρk∥ and is designed
to be close to one inside the admissible annulus and close to zero outside. In practice, it
is implemented through smooth transitions around the two thresholds, so that the gate
varies continuously when approaching or leaving the annulus.
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The FoV factor gfovk is constructed from the same geometric quantities introduced in
Section 3.2.1. It depends on the LOS unit vector dL,k and on the camera boresight bL,k,
both expressed in L. The corresponding alignment metric

φk = b⊤
L,kdL,k = cos θk (4.8)

is used to define a smooth, near-binary gate such that gfovk ≈ 1 when θk lies within the
admissible FoV cone and gfovk ≈ 0 otherwise. The FoV gate may be relaxed by a factor
ηfov ≥ 1 with respect to the cost threshold, to avoid discarding samples close to the
boundary while still enforcing a meaningful usability criterion.

Zone membership weights. To avoid hard switching at region boundaries, the current
angular location is mapped to a smooth membership vector Ak ∈ [0, 1]Nd with

∑Nd

i=1 Ak,i ≈
1. The weights are derived from directional cosines between the viewing direction ρ̂k and
the pre-defined region directions {qi}Nd

i=1. A smooth angular window assigns higher weight
to the most compatible direction, and a normalized blending prevents numerical issues
and erratic switching close to region boundaries.

Coverage accumulation. Given the sampling interval ∆t = Ts, the per-step increment
is defined as

∆Ck = gk ∆t Ak, Ck+1 = Ck +∆Ck, (4.9)

which guarantees ∆Ck ≥ 0 and accumulates coverage only when the current state satisfies
the imaging conditions. A per-zone target level Ctgt is used as a completion reference.
The resulting coverage memory is passed to the replanning logic, which triggers direction
updates and declares mapping completion based on the current coverage status. Algo-
rithm 4.1 compactly presents the resulting coverage update logic.



44 4| Software Architecture for Autonomous Target Mapping

Algorithm 4.1 Coverage memory update

1: Inputs: current state xk, coverage memory Ck, time step ∆t, zone directions {qi}Nd
i=1,

range bounds (rmin, rmax), FoV threshold θFOV, FoV sharpness ηfov

2: Outputs: updated memory Ck+1, incremental update ∆Ck

3: rk ← ∥ρk∥2
4: ρ̂k ← ρk/rk ▷ viewing direction

5: dL,k ← −ρ̂k ▷ line-of-sight

6: grangek ← GateRange (rk, rmin, rmax) ▷ soft range gate in [0, 1]

7: φk ← dL,k ▷ camera orientation metric

8: gfovk ← GateFoV (φk, θFOV, ηfov) ▷ soft FoV gate in [0, 1]

9: gk ← grangek gfovk

10: Ak ← ZoneMembership (ρ̂k, {qi}Nd
i=1) ▷ find zone membership

11: ∆Ck ← gk ∆tAk ▷ effective coverage increment for each zones

12: Ck+1 ← Ck +∆Ck ▷ memory update

4.3. High-level planner

This section describes the supervisory planner that drives the exploration process by se-
lecting a mapping direction. The planner does not compute a full spacecraft trajectory,
rather it provides the MPC with a reference direction q̂k ∈ S2 that shapes the guidance
objective over the next sampling steps, while the MPC enforces the translational and at-
titude constraints and resolves the resulting closed-loop motion. At each call, the planner
takes as input the current relative translational state subset xp,k = [ρ⊤

k v⊤
k ]

⊤, the cov-
erage memory Ck, the fixed candidate direction set {qi}Nd

i=1 used for the mapping space
discretization, and a short recent history memory that discourages immediate repetitions
of the most recently selected directions. The main output are the selected direction q̂k

to be tracked by the MPC and the predicted coverage increment Cpred consistent with
the update rule in Equation (4.9). To meet onboard runtime requirements, the planner
follows a hierarchical coarse to fine procedure: cheap proxies are first used to screen the
full set of candidates, a reduced set of short direction sequences is then evaluated more
accurately and only the best few options are refined through a constrained short horizon
optimization. This structure keeps the computational cost bounded while maintaining a
tight coupling with the mapping progress encoded in Cpred.
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INPUTS
state, coverage memory and directions from the MPC loop

STAGE 1: SCREENING
cheap proxy for all qi

STAGE 2: SHORT LOOKAHEAD
evaluate second leg over the top-N1 directions

STAGE 3: CONSTRAINED REFINEMENT
short-horizon constrained optimization on best candidates

HIGH-LEVEL PLANNER

MPC LOOP

xp,k, Ck, {qi}, qold

top-N1 candidates

top-N2 sequences

q̂k, Cpred

Figure 4.4: High-level planner architecture and MPC interface

Extending the lookahead beyond a few steps could, in principle, improve the quality of
the selected directions. However, this is poorly suited to onboard execution and is fragile
in an online mapping context: both the coverage memory and the current understanding
of the target evolve in real time, so deeper open-loop optimizations are not only more
expensive but also less informative, as their conclusions could readily superseded by the
next measurements and by the resulting data-driven updates. For these reasons, the
planner deliberately limits the lookahead depth and relies on repeated episodic updates
to achieve long-term adaptation

4.3.1. Coarse stages: fast screening and short lookahead

The target direction generation process begins with two coarse stages that reduce the
combinatorial set of candidate direction sequences to a size compatible with the subse-
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quent refinement and with a bounded, predictable runtime. This is essential for real-time
onboard operation, where timely updates of the mapping direction are required without
compromising the responsiveness of the MPC loop.

Stage 1

Each candidate direction qi is treated as a possible next reference for the mapping process
and assigned a scalar score obtained by combining a mapping gain proxy with a turning
angle based penalty. These two terms provide a fast approximation of the two quantities
that ultimately matter at the MPC level, namely the expected coverage improvement and
the actuation effort required to steer the motion toward the candidate viewpoint. The
mapping proxy is computed from the coverage deficit encoded in Ck and favors directions
associated with under observed zones, while the turning term discourages sharp changes
in the local tangential motion, promoting smooth viewpoint evolution and reducing un-
necessary manoeuvring.

Let Ctgt denote the target per-zone coverage. A normalized deficit is defined component-
wise as

Ii ≜ max

(
0,

Ctgt − Ck,i

Ctgt

)
, i = 1, . . . , Nd, (4.10)

and associated to any candidate q through a nearest direction rule on the canonical set
{qi}Nd

i=1. Specifically, define the nearest direction association

j(q) ≜ arg max
j∈{1,...,Nd}

q⊤
j q, (4.11)

and recall that {Ii}Nd
i=1 denotes the per-direction normalized deficit introduced in eq. (4.10).

The Stage-1 arrival mapping proxy is then

S
(1)
map,base(q) ≜ Ij(q). (4.12)

To account for mapping opportunities encountered while moving from the current radial
direction ρ̂k = ρk/∥ρk∥2 to the candidate q, the proxy is augmented by sampling L

intermediate viewing directions along the great-circle arc connecting ρ̂k and q on S2. Let
θ(q) ≜ arccos(ρ̂⊤

k q) and select L angles θℓ ∈ (0, θ) uniformly spaced, i.e.,

θℓ ≜
ℓ

L+ 1
θ(q), ℓ = 1, . . . , L. (4.13)

The corresponding unit directions on the arc can be written in closed form via spherical
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linear interpolation. Defining the unit tangent at ρ̂k toward q as

t(q) ≜
q− (ρ̂⊤

k q) ρ̂k∥∥q− (ρ̂⊤
k q) ρ̂k

∥∥
2

, (4.14)

each intermediate direction is

mℓ(q) ≜ cos(θℓ) ρ̂k + sin(θℓ) t(q), ℓ = 1, . . . , L. (4.15)

Each midpoint yields an intermediate LOS dℓ(q) = −mℓ(q) that is mapped to the nearest
canonical direction through eq. (4.11), i.e.,

jℓ(q) ≜ j(dℓ(q)) , ℓ = 1, . . . , L. (4.16)

The transition contribution is computed by accumulating the deficits of the distinct di-
rections visited along the arc. Introducing

δi(q) ≜

1, ∃ ℓ ∈ {1, . . . , L} s.t. jℓ(q) = i,

0, otherwise,
i = 1, . . . , Nd, (4.17)

the transition term is

S
(1)
map,trans(q) ≜ κ

Nd∑
i=1

δi(q) Ii, (4.18)

and the overall Stage-1 mapping proxy becomes

S(1)
map(q) ≜ S

(1)
map,base(q) + S

(1)
map,trans(q). (4.19)

The turning term discourages directions that would require a large change in the current
orbital velocity around the target. The underlying rationale is that sharp changes in the
direction of the velocity typically correlate with higher control effort, whereas candidates
that remain aligned with the present motion tend to yield smoother, lower-∆V evolution.

Let PT,k = I − dL,kd
⊤
L,k be the projector onto the plane orthogonal to dL,k. The motion

around the target is captured by vt,k = PT,kvk. For each candidate qi, the correspond-
ing in-plane direction is obtained by projection and renormalization, q̂t,i ∝ PT,kqi, and
compared to the normalized tangential velocity v̂t,k ∝ vt,k through the turn angle

θi ≜ arccos
(
v̂⊤
t,kq̂t,i

)
∈ [0, π]. (4.20)
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A smooth saturating map then converts θi into a bounded penalty S
(1)
turn(qi) ∈ [0, 1],

with low values for small turns and a rapidly increasing penalty as θi approaches π (near
reversal).

The resulting Stage-1 score is summarized as

S(1)(qi) = wmap S
(1)
map(qi) − wturn S

(1)
turn(qi), (4.21)

where wmap and wturn are design weights, S
(1)
map is the mapping proxy and S

(1)
turn is the

turning penalty. The top n candidates are retained for the next stage. The parameter
n is chosen to discard clearly suboptimal directions while preserving enough diversity for
the subsequent short lookahead evaluation.

Stage 2

Stage 2 extends the one step screening by explicitly evaluating short sequences (q0,q1)

built from the Stage 1 shortlist. For each retained first step direction q0, the same scoring
logic is repeated over all admissible second step candidates. This two step lookahead
mitigates the myopia of purely one step decisions: a direction that appears optimal at the
next update may lead to poor follow-up options once the viewpoint has shifted, whereas
a shallow two step evaluation already captures the dominant consequence of committing
to q0 before selecting the subsequent update.

For each q0, Stage 2 forms short sequences by retaining the Stage 1 score already computed
for q0 and by evaluating an additional second step contribution associated with candidate
directions q1. The latter uses the same deficit-based mapping proxy introduced in Stage 1,
while the turning penalty is updated using a predicted tangential heading at the end of
the first segment. This heading is obtained through a purely geometric approximation on
the unit sphere, using dL,k as the current LOS direction and d1(q0) ≜ −q0 as the nominal
LOS direction after reaching the reference radius ropt along q0. A geodesic arrival tangent
is defined by projecting dL,k onto the tangent plane at d1 and normalizing,

tgeo(q0) ≜

(
I− d1d

⊤
1

)
dL,k∥∥(I− d1d⊤

1

)
dL,k

∥∥
2

. (4.22)

If the projection in eq. (4.22) becomes ill-conditioned (nearly zero norm), the arrival
heading is regularized by falling back to the current tangential direction.

To preserve continuity with the current motion when a meaningful tangential compo-
nent exists, the predicted arrival heading blends tgeo(q0) with the current unit tangential
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velocity direction v̂t,0 = vt,k/∥vt,k∥2,

v̂t,1(q0) ≜
(1− λ) tgeo(q0) + λ v̂t,0

∥(1− λ) tgeo(q0) + λ v̂t,0∥2
, λ ∈ [0, 1], (4.23)

where λ is a tuning parameter that regulates how strongly the predicted arrival heading
follows the current tangential motion. When ∥vt,k∥2 is negligible, the geodesic term is used
alone. The second step turning penalty for q1 is then evaluated exactly as in Stage 1 by
replacing the reference direction v̂t,0 with v̂t,1(q0) in the tangent plane cosine similarity,
while keeping the same projection and saturation rules.

The cumulative score for a pair is finally computed as

S(1,2)(q0,q1) ≜ S(1)(q0) + S(2)(q0,q1), (4.24)

where S(2) preserves the Stage 1 weight structure. Only the best g pairs are retained,
where g is a hyperparameter that trades off exploration breadth against computational
effort in the subsequent refinement stage.

Near completion, when the mean clamped coverage approaches the target level, an addi-
tional pruning step can be activated to discard pairs whose combined mapping proxy falls
below a small threshold. This reduces late phase computation spent on sequences that
are unlikely to increase Ck appreciably and accelerates convergence to a uniform cover-
age distribution, this threshold can be tuned depending on the desired balance between
computational margin and conservative completion behavior.

Recent history discouragement. A short recent history memory qold stores the in-
dices of the most recently selected directions and is used to discourage immediate repeti-
tions. In Stage 1, recently selected directions are treated as inadmissible and are removed
from the candidate set. In Stage 2, the second step selection is additionally constrained to
avoid repeating the current first step direction and the most recent element of the history.
This lightweight exclusion rule prevents chattering between a small subset of directions,
promotes exploration diversity and preserves the discrete nature of the planner, with-
out introducing additional continuous decision variables or increasing the computational
burden of the subsequent refinement stage.

4.3.2. Refinement stage: constrained optimization

The final stage refines the best few candidates by explicitly accounting for translational
dynamics and control bounds through a constrained optimization. In contrast to the 6-
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DoF problem in Chapter 3, this refinement layer is intentionally restricted to the 3-DoF
translational subsystem. Attitude pointing and FoV feasibility are therefore not optimized
at this level and are delegated to the MPC, which enforces the full set of translational and
rotational constraints in closed loop. This separation yields a lightweight, fast subproblem
that remains consistent with the same objective and with the translational dynamics and
constraints adopted by the MPC.

Considering just the translational state and input vectors

xp,j ≜

[
ρj

vj

]
∈ R6, up,j ≜ aj ∈ R3, (4.25)

and, for a fixed candidate direction q, defining the per-step tracking error

eρ,j(q) ≜ ρj − roptq, eρ,N(q) ≜ ρN − roptq, (4.26)

the objective function of this optimization problem can be written in quadratic form as

J(q) ≜
N−1∑
j=0

(
wj eρ,j(q)

⊤Qeρ,j(q) + ∆t a⊤
j Raj

)
+ eρ,N(q)

⊤Weρ,N(q), (4.27)

where Q,R,W ∈ S3
++ are design weight matrices. The coefficients wj > 0 are normalized

discount weights chosen to progressively emphasize late-horizon tracking while avoiding
overly aggressive early motion; in the implementation, they are generated through an
exponential profile and then normalized to preserve a consistent overall scaling of the
stage terms.

The corresponding refinement subproblem for each q is formulated as a constrained finite-
horizon NLP that combines:

(i) The discrete-time CWH dynamics presented in Section 2.3.1.

(ii) A radial annulus constraint r2min ≤ ∥ρj∥22 ≤ r2max over the horizon.

(iii) Component-wise box bounds on ρj, vj, and aj, consistently with the constraints
introduced in Section 3.3.

Compared to the full 6-DoF closed-loop optimization, the present subproblem has lower
dimension, LTI dynamics, and a quadratic objective. The only nonlinearity is the radial
annulus constraint, implemented through ∥ρj∥22 to avoid square roots and preserve a
sparse constrained structure.
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The refinement is applied only to the top g direction pairs retained after the coarse two-
step stage. For each pair (q0,q1), the translational subproblem is solved first for q0

starting from the current state xp,k, the terminal state of the resulting segment is then
used as the initial condition for the solve associated with q1. This sequential roll-out
preserves dynamic consistency across the pair while keeping the optimization horizon
bounded.

To reduce the runtime, each solve is implemented in parametric form and handled through
a small bank of pre-compiled solvers. The bank is indexed by a scaling factor α, which
modulates an effective discretization step

∆t = αTs, (4.28)

while keeping the horizon length N fixed. This provides a simple way to adjust the effective
time allocated to reach a given direction, so that both nearby and distant candidates can
be evaluated without changing the problem size. For each segment, the algorithm starts
from the previously selected α and then explores the closest neighbouring values on the
grid, proceeding outward only if necessary. The search is terminated as soon as the
terminal tracking error satisfies ∥eρ,N(q)∥2 ≤ ερ, where ερ > 0 is a design tolerance.

Each refined candidate yields a short predicted translational trajectory {ρj}Nj=0 and the
associated control sequence {aj}N−1

j=0 . Its expected mapping benefit is then estimated by
applying, along the predicted trajectory, the same coverage memory update law used in the
closed-loop. At this refinement level, the update is evaluated assuming feasible imaging
conditions, while range and FoV constraints are enforced when the selected direction is
executed by the MPC.

Starting from the current memory Ck, the update is applied at each node j = 0, . . . , N −
1, producing a predicted sequence {C(j)

k }Nj=0 with C
(0)
k ≜ Ck and C

(j+1)
k obtained by

evaluating the mapping contribution at the predicted position ρj. The resulting mapping
score is then quantified as the cumulative increase of the coverage memory after capping
each entry at the target level Ctgt, so that directions that have already reached the desired
coverage do not contribute further to the predicted coverage increment.

Smap(q) ≜
N−1∑
j=0

Nd∑
i=1

(
min

(
C

(j+1)
k,i , Ctgt

)
−min

(
C

(j)
k,i , Ctgt

))
, (4.29)

which is consistent with the online completion logic and prevents already saturated regions
from dominating the score. The fuel proxy is computed from the refined control sequence
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as a normalized quadratic control effort,

Sf (q) ≜
1

a2max

N−1∑
j=0

∥aj∥22, (4.30)

and the refinement score is defined for each segment as

S(q) ≜ wmap Smap(q) − wf Sf (q), (4.31)

with wmap, wf > 0 denoting design weights. For each retained pair (q0,q1), the total score
is obtained by accumulating the contributions of the two consecutive segments,

Stot(q0,q1) ≜ S(q0) + S(q1), (4.32)

The planner selects the pair that maximizes Stot and returns the corresponding first step
direction q̂k = q⋆

0, along with the associated predicted coverage after the first refinement
segment,

Cpred ≜ C
(N)
k (q⋆

0),

obtained by evolving the coverage update model while tracking q⋆
0.

Adaptive prioritization. The exploration–fuel trade-off is adjusted online based on
a scalar completion indicator that reflects the current level of mapping completion. As
coverage increases, the incremental contribution of the mapping score Smapdecreases and
eventually tends to zero, while the maneuvering cost remains of comparable magnitude.
To maintain a balanced optimization and to guarantee completion of the mapping task,
the weight associated with the mapping term is therefore increased according to a smooth
exponential schedule as completion progresses, whereas the fuel-related weight is kept
fixed. This adaptive weighting is applied consistently across all planning stages.

4.4. Receding-horizon MPC execution loop

This section describes the online receding-horizon execution of the MPC controller and
summarizes the numerical steps that make the closed-loop routine efficient and repeatable
in real time (Algorithm 4.2). At each sampling instant tk, the MPC receives the estimated
state x̂k, the coverage memory Ck, and the active exploration direction q̂k, which is
updated by the high-level planner when a replanning trigger occurs. Given these inputs,
the finite-horizon NLP is assembled and solved, and only the first element of the optimal
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control sequence is applied over [tk, tk+1]. After propagation, the feedback state estimate
and the coverage memory are updated and passed to the next step. The loop is repeated
until the termination condition in Section 4.4.3 is met.

Algorithm 4.2 Receding-horizon MPC scheme
1: Inputs: initial conditions(x̂0,C0) and first guesses(Xguess, Uguess, X̄, Ū)k=0

2: while C̄k < αCtgt, do ▷ average coverage termination criteria

3: CheckReplanConditions (x̂k,Ck, q̂k) ▷ monitor mapping progress

4: if replanning is triggered then
5: wmap ← UpdateWeight (Ck) ▷ adaptive exploration–fuel balance

6: q̂k, Cpred ← HighLevelPlanner (x̂k,Ck, wmap) ▷ update target direction

7: end if
8: (X̄, Ū)← BuildReference (x̂k, X

⋆, U⋆) ▷ shift of the previous solution

9: prot ← BuildLTV(X̄, Ū) ▷ build LTV dynamics

10: p← [x̂⊤
k q̂⊤

k p⊤rot]
⊤ ▷ prepare solver parameters

11: (X⋆, U⋆)← SolveNLP(p, Xguess, Uguess)

12: uk ← U⋆(:, 1)

13: x̂k+1 ← Propagate(x̂k,uk) ▷ real world propagation

14: Ck+1 ← UpdateCoverage(x̂k+1,Ck) ▷ coverage memory update

15: (Xguess, Uguess)← ShiftAndRollout(X⋆, U⋆, x̂k+1) ▷ warm start for next solve

16: C̄k ← Ck

17: x̂k ← x̂k+1, Ck ← Ck+1

18: k ← k + 1

19: end while

4.4.1. Numerical solution of the NLP

At each MPC update, the next control action is obtained by solving the finite dimensional
NLP in Equation (3.28), which results from transcribing the discrete-time predictive model
over a horizon of length N . The decision vector stacks the state variables at the grid nodes
and the piecewise-constant control inputs over the intervals,

w ≜
[
x⊤
0 · · · x⊤

N u⊤
0 · · · u⊤

N−1

]⊤
, (4.33)

while the parameter vector p collects the quantities updated online, namely the estimated
initial condition and the planner provided direction, together with additional parameters
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required by the predictive model and by the transcription, which are detailed Section 4.4.2

p ≜
[
x̂⊤
k q̂⊤

k u⊤
k−1 p⊤

rot

]⊤
. (4.34)

Using the notation introduced in Section 2.5 and the KKT conditions (2.44)–(2.48), Equa-
tion (2.54) can be written in the generic form

min
w

f(w,p) s.t. g(w,p) = 0, h(w,p) ≤ 0, wL ≤ w ≤ wU , (4.35)

where g enforces dynamic consistency across the horizon through the defect constraints
and imposes the initial condition x0 = x̂k, while h collects the nonlinear path constraints
that are not representable as simple bounds. The horizon-local coupling of the constraints
and the node wise enforcement of bounds yield sparse derivatives, which are directly
exploited by the NLP solver.

The resulting sparse NLP is solved with IPOPT, which implements a primal-dual interior-
point filter line-search method [59] and is consistent with the KKT framework presented
in Section 2.5. Inequality constraints are handled via slack variables by introducing non-
negative s ≥ 0 such that,

h(w,p) + s = 0, s ≥ 0, (4.36)

and a logarithmic barrier is applied to enforce strict interiority of the slack and bound
variables. Accordingly, for a given barrier parameter µ > 0, the standard Lagrangian is
replaced by the barrier augmented one,

Lµ = f(w,p) + λ⊤g(w,p) + ν⊤(h(w,p) + s
)
− µ

∑
i

log si + Bbnd
µ (w), (4.37)

where Bbnd
µ (w) denotes the logarithmic barrier associated with simple bounds. The KKT

conditions (2.44)–(2.48) are then enforced in perturbed form, i.e., with complementarity
relaxed along the central path as

Sν = µ1, S ≜ diag(s), s > 0, ν > 0. (4.38)

At each iteration, IPOPT computes a Newton step for the resulting primal-dual system
by solving a sparse linear system whose blocks are built from the constraint Jacobians and
the Hessian of the Lagrangian [59]. In this transcription, the time-local coupling of the
defects yields structured sparsity, so sparse factorization constitutes the computational
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core of the solve.

Global convergence is promoted via a filter line-search that accepts trial iterates based on
sufficient improvement in constraint violation and/or objective value, avoiding the need
for a single penalty merit scalarization [59]. When progress stalls, IPOPT may enter
a feasibility restoration phase to reduce constraint violation before resuming the main
iterations. As the iterations progress, µ is reduced and the iterates track the central path
toward a local KKT point of the original NLP.

In a receding-horizon setting, consecutive NLPs are initialized from the shifted previous
solution and, when available, from the associated multipliers. The rotational coefficients
prot are refreshed online at each MPC update and then kept fixed over the subsequent
solve.

Problem generation and derivatives via CasADi. The NLP functions in Equa-
tion (4.35) are implemented in CasADi, which provides symbolic graph construction and
algorithmic differentiation for first and second order derivatives [60]. This enables consis-
tent and efficient evaluation of gradients, Jacobians, and Hessian information required by
IPOPT, while retaining the sparsity patterns induced by the horizon structure. This is
particularly convenient because the translational predictor is LTI and can be discretized
once, whereas the LTV rotational predictor is injected through the coefficients vector prot.

4.4.2. Online MPC update routine

To ensure reliable real-time execution in a receding-horizon setting, each MPC update
requires a consistent initialization of both the decision variables and the time-varying
rotational predictor. This is achieved through a lightweight online routine that reuses
information from the previous solution and refreshes the model parameters at the current
state. At time step k, the NLP is initialized from the previous optimal solution by shifting
the primal trajectories forward by one node. In particular, the state and input sequences
are used to build the initial guess

X
(0)
k =

[
x⋆
1|k−1, . . . ,x

⋆
N |k−1,x

⋆
N |k−1

]
, U

(0)
k =

[
u⋆
1|k−1, . . . ,u

⋆
N−1|k−1,u

⋆
N−1|k−1

]
(4.39)

where the last node and input are replicated to preserve dimensional consistency. The
Lagrange multipliers are initialized from the previous solution as well, which improves
robustness and typically reduces the number of interior-point iterations. The shift alone
does not guarantee dynamic consistency, because the horizon starts from the updated
estimate x̂k while the remaining nodes are inherited from the previous solution. The
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shifted inputs are thus propagated through the discrete-time predictors starting from
x̂k, yielding a reference rollout. The resulting reference sequence provides a dynamically
consistent initialization and serves as the linearization trajectory for refreshing the time-
varying rotational model over the horizon.

The rotational predictor is updated online through a successive linearization strategy.
At each MPC update, the affine LTV model is reconstructed over the whole horizon by
linearizing the rotational dynamics along the reference trajectory to obtain the coefficients
{Ar,j,Br,j, fr,j}N−1

j=0 . These coefficients are computed once prior to the NLP call and then
kept frozen per-solve. This choice keeps the prediction constraints linear in the decision
variables during the optimization, while still capturing the local time variation of the
rotational dynamics through coefficients that are refreshed at the next sampling instant
from the updated reference.

At each step the rotational coefficients are packed into a single vector prot. This strategy
keeps the NLP structure unchanged across MPC iterations: the translational predictor
remains precomputed, whereas only the rotational blocks are refreshed online through
prot.

Finally, a few practical enforcement details ensure consistency across consecutive MPC
updates. When limits are imposed on input variations (∆a, ∆τ ), the variation at the
first node must be referenced to the previously applied command; accordingly, the last
applied input uk−1 is provided to the NLP and used to define the initial variation. In the
implemented transcription, hard constraints are enforced at the transcription nodes and
not explicitly within each sampling interval. In this close-proximity imaging regime, the
guidance objective is to perform smooth fly-around and viewpoint changes rather than
highly critical terminal operations such as docking or landing. The selected sampling
time is sufficiently small to limit inter-sample excursions, so violations between nodes are
unlikely and can be monitored a posteriori by trajectory interpolation when needed.

For implementation convenience, these online updated quantities are collected into the
NLP parameter vector

p =
[
x̂⊤
k q̂⊤

k u⊤
k−1 p⊤

rot

]⊤
.

4.4.3. Replanning triggers and termination logic

Given the exploratory nature of the mapping task, dedicated logics are introduced to
decide when to request a new mapping direction from the high-level planner and when to
terminate the operation based on the current coverage state.
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Replanning logic

Replanning relies on supervisory triggers that update the mapping direction q̂k whenever
the current direction is no longer expected to provide meaningful additional information.
The trigger logic aims to avoid spending control effort in configurations that mostly refine
already seen regions or generate redundant views, which may still increase the instanta-
neous coverage metric but provide limited benefit to the underlying 3D reconstruction,
where viewpoint diversity is critical.

A progress based trigger monitors whether the current direction is still producing a mean-
ingful mapping gain and activates replanning when the improvement has effectively sat-
urated. The metric is built consistently with the coverage memory definition in Sec-
tion 4.2.2. Recalling Ck ∈ RNd

≥0 and the target coverage Ctgt, the average completion score
is defined as the capped mean coverage level,

C̄k ≜
1

Nd

Nd∑
i=1

min
(
Ck,i, Ctgt

)
, (4.40)

so that zones that have already reached the target level do not artificially inflate the
progress indicator. When a new exploration direction is selected at time tk0 , the initial
value C̄in ≜ C̄k0 is stored and compared against the average reference level C̄max, computed
from the planner predicted coverage Cpred via Equation (4.40). The latter represents the
expected global completion score attainable by following the current planned direction
until the next replanning event.

As the maneuver unfolds, the realized progress is measured through the normalized ratio

ηk ≜
C̄k − C̄in(

C̄max − C̄in

)
+ ε

, (4.41)

with a small ε > 0 to handle the degenerate case C̄max ≈ C̄in. The quantity ηk ∈ [0, 1]

estimates how much of the expected global gain associated with the current direction
has already been achieved. Replanning is enabled only when ηk exceeds a prescribed
threshold.

A geometry based trigger detects when the spacecraft has effectively reached the current
direction command, after which the closed-loop motion may devolve into local circling
around a similar viewpoint. This trigger is introduced specifically to prevent prolonged
motion around the same region. Although such behavior can still increase the coverage
score, it tends to produce images from similar viewpoints and therefore offers limited
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additional value for reconstruction quality. The direction is considered reached when an
angular alignment and a position tolerance condition are satisfied, namely

q̂⊤
k ρk

∥ρk∥2
≥ cos

(
εθ
)
,

∥∥ρk − roptq̂k

∥∥
2
≤ εr, (4.42)

where εθ and εr are an angular and a radial tolerance, respectively.

When one of these conditions is met, the planner is called to select a new direction,
promoting viewpoint diversity and a more uniform distribution of observations over the
target surface.

Termination logic

The mapping task terminates when the global completion indicator derived from the cov-
erage memory reaches a prescribed acceptance level. Consistently with Equation (4.40),
the global completion score is taken as the capped mean coverage level C̄k. Termination
is declared when

C̄k ≥ αCtgt, (4.43)

with α ∈ (0, 1) a high acceptance ratio. Selecting α close to one targets near complete
coverage while avoiding a disproportionate final stage cost. Driving C̄k all the way to
Ctgt may require increasingly expensive maneuvers to access the last uncovered regions.
The acceptance ratio α therefore provides a practical stopping criterion that balances
reconstruction quality against operational effort in closed loop.

Upon satisfying Equation (4.43), the mapping phase is considered complete, but the
closed-loop execution is not immediately stopped. Empirical evidence from the recon-
struction pipeline indicates that reconstruction quality benefits when the final images are
acquired from a viewpoint close to the one associated with the initial position, which im-
proves viewpoint continuity across the dataset. Accordingly, once the completion thresh-
old is reached, the planner switches the reference direction to the direction associated
with the initial position and commands a return leg toward the initial configuration. The
motion is then stopped using the same geometry based trigger introduced earlier, and
mission completion is declared when the return condition is met.

4.5. High-fidelity propagation

This section describes the high-fidelity simulator adopted for closed-loop simulations.
This framework is used to quantify the mismatch between the MPC predictive model and
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the nonlinear dynamics, and to evaluate the performance impact of the approximations
required for real-time optimization. It also supports robustness analyses by introducing
unmodeled perturbations and parameter mismatches in the simulated dynamics. The
simulation is performed in the inertial frame E , whereas the MPC operates on a relative
state expressed in the target LVLH frame L.

Over each sampling interval [tk, tk+1), the control action returned by the NLP is held
constant. The MPC variables are mapped back to physical units through the scaling
introduced in Section 3.1.1. For notational simplicity, the same symbols are retained
throughout this section, and all quantities are understood to be dimensional whenever
referring to the high-fidelity simulation.

The target translational motion is propagated in ECI according to the perturbed two-body
model in Equation (2.2), retaining the J2 term as the dominant disturbance. This yields
the target inertial trajectory (rT (t),vT (t)) over [tk, tk+1). The chaser is then propagated
with the full 6-DoF nonlinear equations of motion driven by the control inputs {aL,k, τB,k}.
Both the target and chaser equations of motion are integrated numerically over [tk, tk+1)

using a variable-step scheme with error control.

At the update instant tk+1, the LVLH frame Lk+1 is reconstructed from the inertial
position and velocity of the propagated target. In particular, the radial axis is aligned
with rT,k+1, the cross-track axis with rT,k+1 × vT,k+1, and the along-track axis completes
the right-handed triad. This construction provides the direction cosine matrix CL/E(tk+1)

and the associated frame angular rate ωL
L/E(tk+1).

The relative translational state used by the MPC is retrieved by projecting the inertial
chaser target differences into LVLH. Relative position is

ρk+1 = CL/E(tk+1)
(
rC,k+1 − rT,k+1

)
, (4.44)

and the relative velocity is reconstructed using the instantaneous LVLH frame kinematics,

vk+1 = CL/E(tk+1)
(
vC,k+1 − vT,k+1

)
− ωL

L/E(tk+1)× ρk+1. (4.45)

Attitude is propagated in the simulator using σB/L together with the absolute angular
velocity ωB

B/E , obtained by composing the LVLH relative body rate with the instantaneous
LVLH angular rate. At the beginning of the interval, this composition is evaluated using
ωL

L/E(tk),

ωB
B/E(tk) = ω

B
B/L(tk) +CB/L

(
σB/L(tk)

)
ωL

L/E(tk). (4.46)
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After propagation, the LVLH relative rate required by the MPC is recovered at tk+1 by
inverting Equation (4.46) using the LVLH angular rate reconstructed from the target
inertial motion ωL

L/E(tk+1).

Finally, the reconstructed LVLH state is converted back to the nondimensional units
adopted by the MPC. As a result, the subsequent MPC update receives a state that is
consistent with the inertial propagation and expressed in the same variables assumed by
the predictive model.

Dimensionalization
aL,k = A⋆ ua,k, τB,k = Γ⋆ uτ,k

Target propagation in E
perturbed 2BP (J2) ⇒ (rT,k+1,vT,k+1)

Chaser 6-DOF propagation in E
driven by {aL,k, τB,k} and LVLH kinematics

LVLH reconstruction at tk+1

CL/E(tk+1), ωL
L/E(tk+1)

Relative-state reconstruction
ρk+1, vk+1, and ωB

B/L(tk+1)

State reconstruction and Scaling
xk+1 = [ρk+1 ; vk+1 ; σB/L ; ωB

B/L]

MPC loop
xk+1 7→xk

u⋆
k over [tk, tk+1)

aL,k, τB,k

rT,k+1,vT,k+1
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Figure 4.5: High-fidelity propagation strategy

Although the MPC operates on the same feedback variables returned by the simulator,
the predictive model embedded in the optimization and the closed-loop propagation are
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Component MPC predictor High-fidelity simulator

Translation CWH in LVLH Inertial propagation in ECI

LVLH Constant angular rate Constructed from the target
orbit

Rotation LTV on a moving reference Nonlinear attitude
dynamics

Perturbations Neglected J2, τgg
Numerical
integration Precomputed STM Variable-step integration

Table 4.1: Comparison between the MPC predictor and the high-fidelity simulation
adopted for closed-loop validation.

not identical. This mismatch is expected by design and does not compromise the ap-
proach, provided that the feedback state is reconstructed consistently at the sampling
instants and that safety-related constraints are satisfied. The dominant contributions are
summarized in Section 4.5 and mainly arise from the translational mismatch between
the CWH predictor and the inertial propagation used in simulation, from the rotational
approximation of the affine LTV model against full nonlinear 6-DoF dynamics, and from
the different constraint handling, which is enforced at transcription nodes in the NLP but
evolves continuously within each sampling interval in the plant. These discrepancies are
mitigated in closed loop by the receding-horizon updates and the episodic replanning of
the imaging direction, while inter-sample safety can be checked a posteriori when needed.
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This chapter reports the simulation results of the proposed imaging-driven guidance archi-
tecture. The discussion focuses on whether the closed-loop behavior achieves complete and
uniform coverage while remaining operationally feasible, respecting safety and actuation
limits and maintaining a bounded control effort. The presentation follows a verification
oriented order. First, the relative motion and the control inputs are analyzed to confirm
feasibility, constraint compliance and realistic actuator usage. The imaging conditions are
then assessed through range regulation and boresight-to-LOS alignment, which define the
regime of usable images for reconstruction. Mapping performance is subsequently quan-
tified by tracking coverage evolution and by summarizing the final distribution across the
discretized viewing zones. The replanning timeline and the associated computational per-
formance are then reported, with emphasis on online solvability at the adopted sampling
rate.

5.1. Simulation Setup

The following results adopt the notation, units, and reference frames introduced in Chap-
ter 2. All quantities are reported in physical units, applying consistently the scaling
defined in Section 3.1.1.

Relative motion states and translational control actions are expressed in the target-
centered LVLH frame L, whereas inertial trajectories are reported in the ECI frame E .
Attitude and torque quantities are expressed in the chaser body frame B. When imaging
conditions are evaluated, the camera boresight and the LOS vectors are mapped to L.

5.1.1. Scenario definition and initialization

The numerical results are presented for a representative LEO test case, obtained by spe-
cializing the problem formulation with the scenario settings summarized below. The
target is modeled as a generic non-cooperative spacecraft moving on a known reference
orbit at altitude h = 550 km. This reference motion is used to define the target-centered
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LVLH frame and is propagated in the inertial simulation environment to generate the
target state history employed in closed loop. The orbit is not selected to reproduce a
specific mission, but to represent a realistic LEO operating condition while remaining
consistent with the modeling assumptions adopted in Chapter 2. For the same reason, a
Sun-synchronous orbit is considered, with inclination it = 97.5◦, which is representative
of common Earth-observation operational regimes and therefore supports the relevance of
the test case. As a result, the trends highlighted by the numerical implementation are not
tied to a particular set of orbital elements, as long as the relative-motion regime remains
within the validity range of the adopted LVLH based predictive model.

(a) Orbit and initial position.

Semi-major axis at 6928 km

Eccentricity et 10−4

Inclination it 97.5◦

RAAN Ωt 0◦

Argument of perigee ωt 0◦

True anomaly at t0 ϑt,0 0◦

(b) Orbital parameters.

Figure 5.1: Target reference orbit.

A near-circular orbit is considered to remain consistent with the assumptions underlying
the CWH equations. A small but nonzero eccentricity (et = 10−4) is retained to better
reflect realistic LEO conditions, while remaining sufficiently low not to affect the LVLH
relative dynamics in the operating regime considered. The remaining angular elements are
set to zero for convenience, since for an almost circular orbit they mainly define an inertial
orientation of the trajectory and have negligible influence on the qualitative behavior of
the relative motion and on the imaging-related performance discussed next.

With the target reference orbit defined and the associated LVLH frame L established, the
closed-loop simulations are initialized by prescribing the chaser state in relative coordi-
nates. Initial translational conditions are assigned in L through the relative position ρ0
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and velocity v0, while the initial attitude σB/L,0 and angular velocity ωB
B/L,0 define the

rotational configuration. The corresponding numerical values are reported in Table 5.1
and are selected to represent a realistic post-detection condition for an non-cooperative
target. The relative position is placed in the target orbital plane, which is consistent
with a prior rendezvous phase that inserts the vehicle in the vicinity of the target before
the imaging-driven guidance begins. This assumption provides a clean and representative
starting configuration without restricting the generality of the conclusions, since the sub-
sequent closed-loop behavior is governed by the same imaging and safety constraints in
three dimensions.

The initial target-chaser relative distance is again chosen to be consistent with a preceding
target identification phase, which is typically conducted at a larger stand-off distance
than the nominal imaging distance, leaving sufficient margin for the guidance to converge
toward the desired range corridor. The initial relative velocity is set to v0 = 0, so that the
ensuing motion is driven by the closed-loop guidance action rather than by a prescribed
initial drift. Finally, the initial attitude and angular rate are selected coherently with
the assumed outcome of the preliminary inspection, by setting ωB

B/L,0 = 0 and choosing
σB/L,0 such that the target is immediately observable within the admissible camera viewing
region given the camera mounting in B and the initial LOS defined by ρ0.

Initial conditions

Relative position ρ0 [ 0, −46, 0 ] m

Relative velocity v0 [ 0, 0, 0 ] m s−1

Angular velocity ωB
B/L,0 [ 0, 0, 0 ] rad s−1

MRP attitude σB/L,0 [ 0, 0, −0.414 ] −

Table 5.1: Chaser initial relative state in L and attitude in B.

The results in this chapter are obtained for a parameter set selected to represent a generic
yet realistic close-proximity imaging campaign. The settings are chosen so that the guid-
ance remains online-solvable and the commanded motion is compatible with representa-
tive translational and attitude control authority. For completeness, the adopted numerical
values are reported in Tables 5.2 and 5.3. Their selection is driven by three coupled re-
quirements: satisfying the admissible imaging geometry prescribed by the reconstruction
pipeline, preserving conservative operational safety margins and keeping the computa-
tional load within a regime consistent with receding-horizon execution.

From an imaging standpoint, the camera parameters set the admissible field of view. The
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adopted FoV is representative of NeRF-based close-range space imagery and provides a
practical balance between keeping the target sufficiently in-frame and allowing viewpoint
changes without excessive pointing effort. The corresponding camera parameters are
summarized in Table 5.2. Moreover, the relative motion is constrained to remain within
the viewing corridor introduced in Chapter 3, namely within the range bounds [rmin, rmax]

while promoting the nominal standoff distance ropt to stabilize apparent scale and inter-
image overlap. The values of rmin, rmax, and ropt reported in Table 5.3 follow the imaging-
driven design rule in Equation (3.20) from an estimated target size. Target is enclosed
within a bounding sphere of radius Rtgt = 4 m, which provides a geometry agnostic
reference to set feasible viewing distances. Safety is further enforced through the Keep-
Out Zone radius rKOZ (also in Table 5.3), which guarantees a minimum separation from
the target and accommodates residual uncertainty on its true shape and extent.

Camera parameters

Image width W 2048 px

Image height H 2048 px

Focal length (horizontal) fx 5000 px

Focal length (vertical) fy 5000 px

Horizontal FoV θFoV,h 23.15 deg

Vertical FoV θFoV,v 23.15 deg

Table 5.2: Camera parameters used for imaging constraints and coverage evaluation.

Range and safety

Minimum range rmin 30 m

Nominal standoff distance ropt 40 m

Maximum range rmax 50 m

Keep-out zone radius rKOZ 5 m

Table 5.3: Range and safety parameters.

The assumed actuation bounds pursue the same objective of realism without over-specializing
the test case. Translational authority is limited through amax, while attitude control is
limited in through τmax, representing finite propulsion capability and reaction wheel or
thruster torque authority. The adopted values, reported in Table 5.4, are selected to
be representative of small spacecraft inspection scenarios and to remain compatible with
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online guidance generation. In addition to actuator saturation, the optimization enforces
operational bounds on the relative speed and body rate, vmax and ωmax, which provide
conservative safety margins and support imaging performance by avoiding overly fast
translational or rotational motion that would produce poor quality images or challenge
tracking. Step-to-step slew-rate limits ∆amax and ∆τmax further prevent unrealistically
abrupt command switching and act as a compact proxy for actuator bandwidth and im-
plementation smoothness.

Actuation and rate limits

Maximum translational acceleration amax 8 · 10−4 ms−2

Maximum control torque τmax 2 · 10−3 Nm

Maximum relative speed bound vmax 0.1 m s−1

Maximum body rate bound ωmax 1 deg s−1

Slew-rate limits

Acceleration slew-rate bound ∆amax
1
3
amax ms−2

Torque slew-rate bound ∆τmax
1
3
τmax Nm

Table 5.4: Actuation and rate limits used in the simulations.

The MPC is implemented in discrete time on the sampling grid {tk}, with sampling time
Ts, and each update solves a finite-horizon problem of length N . Since the objective is
sustained close-proximity imaging rather than terminal contact operations, the guidance
does not require extremely high update rates. The selected values Ts = 5 s and N = 200

therefore provide a pragmatic compromise: sampling time is short enough for node-wise
constraint enforcement to remain representative of the continuous time behavior in this
regime, while the horizon length and the sample time retain sufficient computational mar-
gin for repeated online optimization. In an operational architecture, Ts can be interpreted
as the frequency of the guidance layer, while navigation and low level attitude/actuator
loops operate at higher rates, consistently with standard spacecraft Guidance, Navigation,
and Control (GNC) practice.

Termination follows the supervisory logic introduced in Section 4.4.3. In the nominal
configuration, the run stops when the progress indicator satisfies C̄k ≥ αCtgt, while
a maximum simulation time provides a conservative fallback. The adopted acceptance
ratio is set to α = 0.98, which is intentionally close to unity to enforce near-complete
coverage, yet it avoids unnecessary prolongation when residual deficits become marginal
and progress may slow down due to episodic replanning and geometric constraints.
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Simulation and mapping setup

Sampling time Ts 5 s

Prediction horizon N 200 −
Number of mapping directions Nd 16 −
Target coverage level Ctgt 10 min

Acceptance ratio α 0.98 −

Table 5.5: Simulation settings and mapping parameters.

The mapping space is discretized using Nd = 16 directions, providing a meaningful par-
tition of the viewing domain given the assumed target size and the adopted FoV. This
choice can be tuned depending on mission needs and sensor characteristics. Increasing
Nd refines the angular resolution but also increases the burden on the supervisory logic
and complicates convergence assessment, whereas too few directions may be overly coarse,
promoting redundant image sets and degrading reconstruction quality. The selected value
offers a practical balance between angular diversity and interpretable progress tracking.
Consistently, the target per-direction accumulation level is set to Ctgt = 10 min, which
provides sufficient imaging time to support viewpoint diversity within each sector while
keeping the overall campaign duration bounded.

5.2. Guidance and Control Performance

This section presents the closed-loop guidance and control results obtained under the
scenario and numerical settings summarized in Section 5.1. The analysis verifies that the
resulting close-proximity motion remains consistent with the adopted relative dynamics
framework, respects the operational bounds introduced in the problem formulation and
generates well-behaved control actions compatible with the assumed actuation limits.
The main replanning outcomes are reported to clarify how the supervisory logic updates
the exploration direction over the run and how these decisions relate to the executed
trajectory.

5.2.1. Relative trajectory in LVLH

Figure 5.2 reports a representative relative trajectory obtained from the simulation, ex-
pressed in the target-centered LVLH frame L. The path exhibits a wide angular distri-
bution around the target, indicating a good diversity of viewing directions and limited
repeated passes over the same regions. This qualitative behavior is consistent with an



5| Results 69

imaging-driven exploration, where the motion is shaped to uniformly distribute view-
points around the target. In the present simulation, the corresponding mapping campaign
reaches completion in 4.36 hours, providing a compact summary of the time required to
satisfy the prescribed coverage objective under the adopted constraints.

The trajectory also reflects the expected end-of-mission behavior discussed in Section 4.4.3.
Once the completion condition is satisfied, the motion transitions toward a final viewpoint
close to the one associated with the initial configuration. This return leg is visible in the
terminal portion of the trajectory and is included to improve viewpoint continuity in the
resulting image set.
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Figure 5.2: Relative trajectory in the target LVLH frame L.

A further aspect of interest is the out-of-plane motion along the LVLH cross-track axis,
which entails plane change components and is therefore inherently more demanding in
terms of control effort, with a direct impact on propellant consumption. In the present
run, the out-of-plane dynamics remain contained, as illustrated by the zL(t) trace in
Figure 5.3a. At the same time, a strictly planar inspection is not generally sufficient
to ensure full observability of the target surface when target rotation is limited or not
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exploited to provide passive viewpoint diversity. In such cases, a cross-track component
becomes necessary to acquire complementary perspectives.

The view in Figure 5.3b indicates that out-of-plane maneuvers are introduced primarily
to depart from the orbital plane and then remain bounded. After an initial transition,
the trajectory tends to settle around a slightly inclined inspection plane relative to the
target orbit, reducing the need for recurrent cross-track corrections while still enabling
the viewpoint variation required for mapping.
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(b) Out-of-plane component zL with respect to the target orbital plane.

Figure 5.3: Out-of-plane component zL.

5.2.2. Range and pointing behavior

The following results focus on the imaging conditions discussed in Section 3.2.1. Since
range and boresight-to-LOS alignment are primarily enforced through strong objective
terms, rather than as hard constraints, their evolution is reported as evidence of compli-
ance with the prescribed imaging requirements.

Figure 5.4 reports the relative range profile rk = ∥ρk∥, highlighting the admissible shell
bounds and the nominal standoff distance. After an initial transient, during which the
chaser approaches from the injection conditions, the range settles within the prescribed
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corridor and remains close to ropt throughout the run. The residual oscillations around
the nominal value are consistent with the intended operating regime: since ropt is pro-
moted rather than imposed as a hard constraint, small deviations can be exploited to
accommodate viewpoint changes and reorientation phases without over constraining the
motion. This behavior preserves an admissible imaging geometry while avoiding unnec-
essary control effort devoted to strict range regulation.
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Figure 5.4: Relative range rk = ∥ρk∥ over time.

Pointing performance is summarized through the off-boresight angle between the camera
boresight bL,k and the line-of-sight direction dL,k. As shown in Figure 5.5, the attitude
guidance maintains a tight alignment with the LOS, remaining below the FoV half-angle
threshold throughout the trajectory. Additionally, the off-boresight angle stays close to
zero for most of the run, indicating that the target is consistently maintained near the
center of the camera cone. This behavior matches the intended imaging regime of the
reconstruction pipeline, as it provides stable framing and limits the occurrence of low-
quality views associated with large misalignment. Residual deviations are confined to
short transient phases, typically during more aggressive reorientation and repositioning
maneuvers, which are often triggered by exploration updates following replanning events,
but can also occur when the guidance accommodates local geometric transitions.
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Figure 5.5: Off-boresight angle cos−1(φk) over time.

5.2.3. State evolution and dynamic consistency

Beyond geometric feasibility, it is important to confirm that the resulting motion remains
within the intended close-proximity operating regime. This is characterized by the trans-
lational velocity and the body angular velocity with respect to L, whose profiles capture
the typical rates required to sustain the imaging-driven conditions. Alongside this, the
full relative position in L is reported to provide a complete view of how the motion evolves
over time. Bounded and well-conditioned velocity and rate traces support both dynamic
consistency of the relative dynamics and imaging usability: excessively large translational
or rotational rates would increase control effort and, more critically, would lead to de-
graded image quality (e.g., motion blur and reduced framing stability), undermining the
reconstruction process.



5| Results 73

0 0.5 1 1.5 2 2.5 3 3.5 4

t [h]

-50

0

50
;

[m
]

;x

;y

;z

(a) Relative trajectory ρ.

0 0.5 1 1.5 2 2.5 3 3.5 4

t [h]

-0.1

-0.05

0

0.05

0.1

v
[m

=
s]

vx

vy

vz

(b) Relative trajectory v.

Figure 5.6: Chaser relative motion in L.

As shown in Figure 5.6, the translational velocity remains within the prescribed bounds
throughout the run and varies smoothly, without sharp peaks that would be symptomatic
of aggressive repositioning. The resulting profile is consistent with an imaging-driven
close-proximity regime, where viewpoint changes are achieved through moderate rela-
tive speeds, limiting apparent target motion across frames and supporting stable image
acquisition while respecting the imposed state and input constraints.
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Figure 5.7: Angular velocity components ωB/L,k.

The angular-rate evolution in Figure 5.7 follows the same trend. Rates remain within the
prescribed bounds for the entire duration and stay close to zero during steady imaging
phases, confirming that the attitude is maintained tightly aligned with the viewing ge-
ometry. Brief spikes occur during more demanding reorientation intervals, for example
when the guidance reacts to an updated exploration direction selected by the high-level
planner. These transients are bounded and confined in time, indicating that viewpoint
transitions are executed without sustained high motion rates.

5.2.4. Control effort and actuator feasibility

The feasibility of the closed-loop solution is further supported by the commanded input
profiles. Figures 5.8 and 5.9 report the translational control acceleration in and the control
torque, respectively. In both cases, the commands remain within the prescribed bounds
and evolve smoothly over time, with no evidence of high-frequency chattering. Occasional
localized peaks appear in the torque profile and, more mildly, in the translational accel-
eration, but they remain limited in magnitude and duration. Overall, the control effort
is distributed over multiple sampling intervals rather than concentrated into impulsive
corrections, consistent with the assumed actuation model.

A clear correspondence can be observed between the largest input magnitudes and the
episodes in which the exploration direction is updated by the high-level planner. During
these replanning events, the control inputs accommodate changes in the desired viewing
geometry, leading to brief increases in actuation activity while preserving feasibility.

The attitude control shows occasional peaks in τB,k when faster reorientation is required to
maintain tight LOS alignment while redirecting the relative motion toward a new viewing
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sector. These peaks remain comfortably within the limits reported in Table 5.4 and are
more apparent because the nominal torque demand is otherwise low. This behavior is
consistent with the objective design discussed in Section 3.2.3, where the torque term
primarily regularizes attitude transients and avoids oscillatory behavior, while allowing
brief localized corrections when needed. The peaks do not persist over extended intervals,
indicating that reorientation transients are handled without sustained torque saturation.
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Figure 5.8: Translational control acceleration aL,k.
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Figure 5.9: Control torque τB,k.

To complement the component-wise profiles, the step-to-step command variations pro-
vide a compact indication of slew activity and proximity to the imposed rate limits.
Figures 5.10 and 5.11 report ∆aL,k and ∆τB,k, respectively. The largest variations are
typically observed in the translational acceleration during replanning updates, when a
new exploration direction is selected and the guidance must redirect the motion accord-
ingly. These episodes naturally lead to more demanding maneuvers because both the
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desired viewing geometry and the associated guidance objectives are updated. Neverthe-
less, the slew profiles remain within the prescribed bounds, confirming that the trajectory
is obtained without unrealistically abrupt command switching.

Torque-rate variations exhibit analogous timing, being concentrated around critical reori-
entation phases, but they are markedly smaller in magnitude. This is consistent with brief,
well-controlled attitude transients and supports the stable pointing behavior reported in
Figure 5.5.
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Figure 5.10: Acceleration step variation ∆aL,k.
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Figure 5.11: Torque step variation ∆τB,k.
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Total ∆v budget. The overall mission cost can be readily computed by summing the
contributions of the commanded accelerations over time.

∆v ≜
∑
k

∥∥aL,k
∥∥Ts (5.1)

For the present run, the resulting budget is ∆v = 1.81 m s−1, consistent with the sustained
low-thrust steering profile observed in Figure 5.8 and with the absence of extended high-
acceleration phases.

5.2.5. Planner behavior

This section examines the supervisory layer that governs direction updates. The emphasis
is on whether the replanning logic yields interpretable and stable decisions driven by
coverage progress and by the avoidance of redundant viewpoints, rather than by rapid back
and forth switching. The discussion relates the observed direction update timeline to the
evolution of the coverage indicators, consistently with the supervisory policy introduced
in Chapter 4.

The supervisory layer updates the exploration direction only when the progress-based
conditions in Section 4.4.3 are satisfied. This evolution is summarized in Figure 5.12,
which reports the selected mapping index iactive over the iterations. Direction changes
are sparse with respect to the MPC sampling rate, and rapid back and forth switching
between nearby zones is avoided, preserving both efficiency and interpretability of the
exploration process.

Beyond sparsity, the index sequence exhibits an approximately cyclic progression, indi-
cating that the planner does not simply target the most under covered region at every
trigger. Instead, direction updates balance expected coverage improvement with the feasi-
bility of the required transition in close proximity, so that reconfigurations remain limited
and do not translate into unnecessary propellant expenditure. The observed pattern is
consistent with a policy that steadily sweeps complementary sectors while exploiting the
natural evolution of the relative geometry to keep maneuvering costs contained.
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Figure 5.12: Replanning timeline with selected mapping direction index iactive.

5.3. Computational Performance

Since the MPC policy is applied at the sampling rate Ts, real-time execution requires
that the per-step optimization completes within the available time budget, while the
event driven replanning overhead must remain compatible with the same constraint. All
simulations are executed with fixed software, solver and tolerance settings, so that the
reported runtimes reflect the variability induced by the closed-loop evolution rather than
by changes in the computational environment.

The per-step NLP problem must be solved within Ts to ensure that a new command is
available before the next actuation update. Figure 5.13 reports the distribution of MPC
solve times, enabling a direct comparison against the reference threshold Ts. In practice,
a conservative margin must also be reserved for state estimation and command uplink
within the same cycle. The results show that convergence is consistently fast: solve times
concentrate well below the sampling interval and remain, on average, comfortably within
the available time budget. Occasional peaks occur, typically associated with localized
changes in constraint activity and with reference updates, but they do not challenge the
timing requirement.

To support a robust timing interpretation, percentile-based indicators are reported in
Table 5.6. In particular, the median and high-percentile values provide a more informative
characterization than a single mean, as they capture both typical performance and the
tail behaviour observed over the full simulation.
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Value Unit

MPC solve time (median) t50 = 0.3428 [s]

MPC solve time (mean) t̄ = 0.4987 [s]

MPC solve time (95th percentile) t95 = 1.347 [s]

MPC solve time (max) tmax = 3.5810 [s]

Configured per-solve time budget tcap = 4 [s]

Table 5.6: Runtime statistics for the MPC solve.
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Figure 5.13: Per-step MPC solve time distribution.

Finally, it is worth noting that the reported runtimes are obtained with a high-level script-
ing implementation. Without changing the control formulation, further reductions are
achievable by accelerating function and derivative evaluations via compilation and code
generation and by moving the optimization loop to a lower-level implementation. Ded-
icated real-time NMPC toolchains based on Sequential Quadratic Programming (SQP)
real-time iteration can reduce latency by splitting computations into preparation and
feedback phases and by solving structured QPs efficiently. When tighter timing guaran-
tees are required, an alternative is to adopt convexification based guidance solvers (e.g.,
SCP), which trade exact NMPC optimality for fast, reliable solves of a sequence of convex
subproblems while retaining constraints and multi-objective structure.

The high-level planner introduces an extra computational cost whenever a direction up-
date is triggered. Since replanning is event-driven and occurs at a slower effective rate
than the MPC sampling, its impact has to be evaluated on a per-trigger basis. The
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Value Unit

Planner runtime (mean per trigger) t̄plan = 19.744 [s]

Planner runtime (median per trigger) tplan,50 = 18.681 [s]

Planner runtime (max per trigger) tplan,max = 24.345 [s]

Table 5.7: Runtime statistics for the high-level planner.

summary statistics in Table 5.7 complement the per-update runtimes already reported in
Figure 5.12.

In the present implementation, replanning is not capable of being completed within a
single MPC sampling interval. A new direction typically becomes available after a small
number of MPC cycles (about 3–5, i.e., ≈ 15–25 s for Ts = 5 s), yet it is considered
available at the next MPC call in the results shown here. While the associated scheduling
problem is not addressed in this work, the same timing requirement can be satisfied in
an on-board architecture without altering the guidance formulation. The planner can be
executed asynchronously using the predicted state evolution over the upcoming MPC in-
tervals, so that the updated direction is computed ahead of time, or the current direction
can be held for one additional interval whenever a replanning result is delayed. These
strategies are consistent with standard real-time NMPC implementations that split com-
putations across cycles and employ asynchronous updates to accommodate variable solve
times while preserving real-time execution.

The measured runtimes support the online feasibility of the proposed architecture at the
selected sampling time Ts. MPC solve times remain comfortably within the available in-
terval, while replanning overhead is both sparse and controlled and can be accommodated
through standard scheduling choices without affecting the closed-loop formulation.

5.4. Mapping Assessment

This section reports the core mapping results of the proposed imaging-driven guidance
strategy, with the objective of demonstrating complete and uniform coverage of the tar-
get. The discussion first follows the coverage indicators over time and the associated
termination logic, then summarizes the final per-zone coverage distribution as a compact
measure of uniformity and finally provides an intuitive spatial visualization of the achieved
coverage on the discretized mapping tessellation.
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Coverage metrics

Mapping progress is tracked through the coverage memory Ck ∈ RNd
≥0 defined in Sec-

tion 4.2.2. Alongside the total accumulated imaging time, it is useful to recall the two com-
pletion oriented quantities adopted throughout the supervisory logic, namely the capped
per-direction coverage and the corresponding global completion indicator,

C̃k,i ≜ min
(
Ck,i, Ctgt

)
, C̄k ≜

1

Nd

Nd∑
i=1

C̃k,i. (5.2)

This definition ensures that progress is driven by directions that have not yet reached
Ctgt, so that C̄k provides a faithful measure of mapping completion.

Figure 5.14 shows that C̄k rises steadily until the prescribed acceptance level is reached.
The initial phase exhibits a linear increase, close to the maximum attainable growth rate.
This is expected when all directions are still below Ctgt and imaging valid configurations
are readily available. It also provides a practical confirmation that the exploration policy
converts available imaging time into effective global progress with limited overhead. As the
run advances and the fraction of already covered directions increases, the curve transitions
to a step-like evolution. This behavior reflects episodic replanning and finite-horizon
decision making, in which direction updates are selected for their expected impact over a
long interval rather than for instantaneous gain. In this regime, brief plateaus correspond
to transitions over already fully observed regions: imaging time may still accumulate,
while the capped indicator advances only when the effective coverage associated with the
corresponding directions remains below Ctgt.
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Figure 5.14: Global completion indicator C̄k evolution.
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The simulation terminates when the capped progress indicator reaches the prescribed ac-
ceptance ratio, namely when C̄k ≥ αCtgt. This criterion matches the operational meaning
of completion, since it certifies that the global mapping state is sufficiently close to the
desired uniform coverage.

The final outcome is summarized by the distribution of C̃k,i across directions. As shown
in Figure 5.15, the stopping rule guarantees a global completion level C̄k ≥ αCtgt at
termination. In the simulation considered, the achieved outcome is even stronger, with
all directions reaching at least Ctgt. This is enabled by the return leg toward the initial
viewpoint, which adds additional imaging time along the traversed sectors and helps close
any residual deficits, while naturally reinforcing directions that are already well covered.

The remaining dispersion in the bars, with some directions accumulating noticeably higher
values, is therefore expected and reflects unavoidable revisits and viewpoint continuity
along the executed motion. Achieving perfectly equal per-direction values would be un-
realistic in closed loop and would typically require aggressive reconfiguration, with a
disproportionate impact on control effort and fuel consumption.
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Figure 5.15: Final coverage distribution Ck across directions.

Overall, these results provide quantitative evidence of mapping completeness and uni-
formity: the capped completion indicator converges steadily to the prescribed level, and
the final per-direction distribution confirms that no direction remains under covered at
termination.
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Spatial distribution

Distribution plots quantify the coverage outcome, whereas spatial visualizations provide
a direct geometric interpretation of the final mapping result. Figure 5.16 reports the
capped per-direction coverage on the spherical set of mapping directions introduced in
Section 4.2.2. Each discretized direction is associated with its representative location
on the unit sphere, providing an immediate assessment of whether coverage is balanced
over the viewing domain and whether any region remains systematically under-covered.
In the context of NeRF-based reconstruction, this perspective is particularly informative
because it reflects the diversity and balance of viewpoints around the target, which are
key drivers of reconstruction completeness and quality.
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Figure 5.16: Spatial representation of the final coverage distribution.

To relate the spatial outcome to the executed behavior, Figure 5.17 shows the relative
trajectory in L and highlights how it evolves across the discretized mapping sectors. The
color coding reflects the direction, and associated Voronoi region, that yields the largest
mapping contribution at each time, as determined by the zone membership weights used
in the coverage update. This view highlights how the motion visits and covers different
sectors of the tessellation. Moreover, It shows that the trajectory spans a range of relative
positions even within each sector, supporting the collection of views that are not purely
redundant at a fixed geometry.
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Figure 5.17: LVLH trajectory and Voronoi tesselation.

The spatial visualizations complement the convergence metrics by confirming that the
achieved coverage is not only sufficient on average, but also well distributed around the
target. The final pattern remains close to the desired level across the direction set and
the trajectory-by-sector view indicates that viewpoints are progressively distributed over
the tessellation rather than concentrated in limited regions.

5.5. Impact on 3D Reconstruction

Once the imaging campaign is completed, the acquired frames are assembled into a dataset
and processed by a NeRF-based reconstruction pipeline. In this work, the NVIDIA soft-
ware Neuralangelo [61] is adopted to assess the suitability of the viewpoint set produced
by the proposed guidance strategy for downstream 3D reconstruction. In practice, Neu-
ralangelo reconstructs both a radiance field and the corresponding mesh.

Reconstruction tuning and post-processing are outside the scope of this thesis, neverthe-
less, the qualitative consistency of the recovered model provides a direct end-to-end check
of the effectiveness of the imaging-driven motion.

Figure 5.18 summarizes the image selection procedure adopted to build the dataset.
Frames are extracted in batches so as to maintain, as much as possible, a uniform spacing
along the trajectory while preserving viewpoint continuity between the initial and final



5| Results 85

configurations, consistently with the termination policy discussed in Section 4.4.3.
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Figure 5.18: LVLH trajectory and camera pointing at sampled frames.

The final dataset is composed of 400 images selected from the generated viewpoints.
Representative examples are reported in Figure 5.19 to provide visual context on the
acquired viewpoints and on the target appearance throughout the run. Reconstruction is
then carried out following the procedure described in [50].

Figure 5.19: Examples of the images used to form the reconstruction dataset.
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Reconstruction results.

Figure 5.20 reports representative renderings from the learned model at different view-
points. The reconstruction preserves the main geometric and photometric features of
the target and remains visually consistent across views, supporting that the proposed
guidance produces a sufficiently diverse and balanced view set for NeRF-based learning.
Minor artifacts are expected, since the reconstruction pipeline is not tuned within this
work and no dedicated post-processing is applied. The goal here is qualitative validation
rather than an optimized reconstruction benchmark.

Figure 5.20: Representative reconstructed views from the proposed trajectory solution.
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6| Conclusions and Future Work

This thesis addressed the problem of autonomous close-proximity operations for inspection
around a non-cooperative, unknown space object, where the primary operational goal is
to actively generate a viewpoint set that is suitable for downstream deep learning based
3D reconstruction. In this context, inspection planning is still often treated separately
from guidance and control, which is typically formulated to enforce safety and minimize
propellant rather than to directly optimize inspection objectives. This separation can
lead to trajectories that are dynamically feasible but poorly informative, or conversely
to informative viewpoint plans that are difficult to execute under stringent operational
constraints. The aim of this work was therefore to unify these aspects by embedding
goal-oriented viewing requirements within a closed-loop guidance architecture, while still
enforcing conservative safety margins, actuation limits and maintaining a computational
footprint compatible with onboard applications.

The proposed solution is organized as a two layer architecture: a constrained MPC oper-
ating at the guidance rate and an episodic planner that updates the exploration direction
sparsely based on mapping progress. At the MPC level, imaging requirements are han-
dled through the objective function rather than imposed as hard constraints, to preserve
feasibility under safety-driven maneuvers and transient reorientations, while still strongly
promoting FoV compliance and range keeping, which are essential to the quality of the
mission outputs. These imaging objectives are traded against actuation effort and an
exploration shaping term that steers the vehicle toward the currently selected mapping
direction. The supervisory layer then provides goal-oriented direction updates that bias
the finite-horizon optimizer toward under covered regions while avoiding unnecessary ma-
noeuvring.

The resulting closed-loop trajectory is consistent with the intended close-proximity regime
and respects the imposed operational bounds on both translation and attitude. Range
regulation meets the prescribed corridor requirements, with the motion settling near the
nominal standoff distance and exploiting only limited deviations when they reduce reorien-
tation effort and facilitate viewpoint transitions, rather than enforcing unnecessarily strict
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range tracking. Pointing compliance is maintained throughout the run, as the boresight-
to-LOS misalignment remains within the FoV half-angle threshold, with short residual
transients that are consistent with direction changes and reorientation phases. The com-
manded translational acceleration and attitude control torque remain within their bounds
and evolve smoothly under rate limitations, including during direction update events,
supporting actuation realism and a consistent effort profile compatible with sustained
low-thrust steering. Mapping supervision remains effective at mission level, since view-
point distribution sustains coverage growth and reaches the acceptance condition within
finite time, after which the terminal viewpoint is selected near the initial configuration to
preserve continuity in the assembled dataset in agreement with the termination logic.

A central outcome of this work is the explicit emphasis on autonomy under partial prior
knowledge. Suitability to unknown or evolving targets is supported by the fact that ex-
ploration directions are generated online as a function of the inferred target geometry,
rather than being prescribed a priori. In addition, the mapping process is carried out
onboard as a function of the already covered area, so that the guidance strategy naturally
adapts future viewpoints to what has been observed so far. Within the same structure,
the architecture can accommodate updates to reconstruction and safety relevant parame-
ters, such as the keep-out radius rKOZ, the nominal standoff distance ropt, or conservative
shape envelopes, as additional information becomes available during the campaign, with-
out altering the fundamental hierarchy of episodic planning, coverage supervision and
constrained MPC.

Although the numerical validation in this thesis targeted a NeRF-based pipeline (with
Neuralangelo used as a representative reconstruction backend), the proposed framework
is more generally intended as a method for uniform and informative autonomous inspec-
tion under close-proximity constraints. Whenever a mission requires controlled viewpoint
diversity, conservative separation, bounded actuation and limited onboard compute, the
same principles extend naturally to spacecraft inspection and characterization, diagnosis
of malfunctioning satellites or space debris and mapping-oriented operations around small
bodies.

The thesis shows that embedding imaging requirements into a constrained receding-
horizon controller, complemented by sparse high-level direction updates, yields an inspec-
tion strategy that is operationally feasible, interpretable and aligned with reconstruction-
driven objectives. Episodic direction selection, combined with coverage-aware supervi-
sion and constrained MPC, gives a closed-loop behaviour that remains stable and goal-
consistent while steadily driving the campaign toward completion.
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6.1. Limitations and Future Developments

The proposed inspection framework was designed to be executable in real time, and the
numerical evidence indicates that this objective is met for the considered scenario. Never-
theless, the same results also clarify the main limitations of the current implementation.
From a computational budget and scheduling standpoint, while the NMPC solve time
distribution remains compatible with the sampling interval adopted in this thesis, the
episodic planner can become the bottleneck when the candidate set grows or the explo-
ration lookahead horizon is extended. A natural evolution is to enforce a more deter-
ministic timing structure without modifying the guidance logic. This could be achieved
either by accelerating the planner via caching and coverage-driven pruning, or by adopting
smoother surrogate objectives that enable faster local refinement (e.g., QP based stages).
In parallel, the planner can be moved to an asynchronous execution mode, where it runs
concurrently with the MPC and is allowed to refine its candidate evaluation until a pre-
defined deadline, returning the best direction update available at that time. If an update
is not available by the MPC call, the controller continues to operate using the last valid
direction, so that closed-loop safety and feasibility are preserved.

Another limitation is the suboptimality by design. The method relies on a finite prediction
horizon and on time-constrained online optimization, and therefore it typically converges
to locally optimal solutions rather than guaranteeing global optimality for the full in-
spection problem. Additionally, the rotational prediction model is obtained via successive
linearization and then frozen over each solve. This choice improves numerical robustness
but can introduce conservatism when the attitude trajectory departs significantly from
the linearization reference. Addressing these aspects does not require abandoning the
receding-horizon philosophy, but rather strengthening it with mechanisms that mitigate
myopic behavior. Examples include adaptive horizon selection, occasional long-horizon re-
optimization steps activated when the coverage improvement rate falls below a prescribed
threshold, and more informative warm-start policies.

A further aspect to consider is modeling realism and constraint enforcement. As in stan-
dard direct transcription, hard constraints are enforced at the nodes, and inter-sample
satisfaction is not guaranteed in principle, although it is practically supported here by the
small sampling time and by the smoothness of the resulting motion. This limitation can
be addressed, for instance, by introducing state-triggered penalties or margins within the
optimization, rather than relying solely on after the verification.

The proposed framework is designed to remain adaptable as additional information be-
comes available during the inspection and several flight oriented extensions can be incorpo-
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rated with limited changes to the current structure. In particular, the target envelope can
be progressively refined, for instance by replacing an initially spherical target model with
an ellipsoidal one once the size and principal dimensions are better estimated. This refine-
ment directly propagates to safety related quantities, including the keep-out radius and
conservative margins, and to imaging-related choices, including the mapping discretiza-
tion and the nominal stand-off distance that best supports the reconstruction pipeline.
More generally, as the geometric model becomes more accurate, both the constraint set
and the imaging objectives can be updated consistently within the same hierarchy of cov-
erage supervision, episodic planning, and constrained MPC, enabling increasingly tailored
trajectories as the campaign progresses.

Finally, the image layer itself is intentionally kept abstract. FoV satisfaction, pointing
alignment and range keeping provide effective geometric proxies for viewpoint usefulness,
yet in practice image quality is also governed by illumination and sensor level effects that
are not modeled explicitly, including eclipse windows, phase-angle constraints, exposure
limits,motion blur, occlusions and visibility losses. Moreover, the current framework as-
sumes that relative navigation and attitude knowledge are sufficiently accurate to support
closed-loop optimization, whereas realistic operations require a tighter coupling between
viewpoint selection and estimation performance. Future work could therefore extend
the imaging objectives by incorporating illumination and visibility aware constraints and
should strengthen the guidance layer through uncertainty-aware mechanisms.

In summary, the limitations identified in this thesis are not structural weaknesses of the
proposed architecture, but rather define a coherent progression toward increased flight re-
alism by improving runtime determinism of the planner, strengthening safety guarantees
beyond node-level enforcement and tightening the loop between perception and guidance.
Within the same methodological core, these extensions also enable broader operational
scenarios, including tumbling targets, time-varying exclusion regions and small-body en-
vironments where irregular gravity shapes the local dynamics. More generally, the results
of this thesis support a clear design principle: inspection trajectories benefit from being
generated end to end by tightly coupling constrained receding-horizon control with a per-
sistent representation of mapping progress, so that safety, feasibility, and inspection-driven
objectives are pursued together.
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A| Appendix A

Purpose and notation

The rotational predictor adopted in Equation (2.24) is linearized along a reference tra-
jectory to construct the time-varying Jacobian Λr(t) = ∂f/∂xr, which directly enters the
rotational STM. This appendix reports the explicit entries of Λr used in the implemen-
tation. The derivation follows [41].

Given the rotational state,

xr =
[
ωx ωy ωz σ1 σ2 σ3

]⊤
, (A.1)

starting from Equations (2.20) and (2.24) the rotational dynamics f(xr, t) is given by

f(xr, t) =
[
f1 f2 f3 f4 f5 f6

]⊤
. (A.2)

The Jacobian Λr ∈ R6×6 is

Λr =



∂f1
∂ωx

∂f1
∂ωy

∂f1
∂ωz

∂f1
∂σ1

∂f1
∂σ2

∂f1
∂σ3

∂f2
∂ωx

∂f2
∂ωy

∂f2
∂ωz

∂f2
∂σ1

∂f2
∂σ2

∂f2
∂σ3

∂f3
∂ωx

∂f3
∂ωy

∂f3
∂ωz

∂f3
∂σ1

∂f3
∂σ2

∂f3
∂σ3

∂f4
∂ωx

∂f4
∂ωy

∂f4
∂ωz

∂f4
∂σ1

∂f4
∂σ2

∂f4
∂σ3

∂f5
∂ωx

∂f5
∂ωy

∂f5
∂ωz

∂f5
∂σ1

∂f5
∂σ2

∂f5
∂σ3

∂f6
∂ωx

∂f6
∂ωy

∂f6
∂ωz

∂f6
∂σ1

∂f6
∂σ2

∂f6
∂σ3



. (A.3)
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Rigid-body dynamics

Assuming principal axes inertia J = diag(Ixx, Iyy, Izz), the drift dynamics are

f1 =
Iyy − Izz

Ixx
ωyωz, f2 =

Izz − Ixx
Iyy

ωzωx, f3 =
Ixx − Iyy

Izz
ωxωy. (A.4)

Hence the partial derivatives are

∂f1
∂ωx

= 0,
∂f2
∂ωx

=
Izz − Ixx

Iyy
ωz,

∂f3
∂ωx

=
Ixx − Iyy

Izz
ωy,

∂f1
∂ωy

=
Iyy − Izz

Ixx
ωz,

∂f2
∂ωy

= 0,
∂f3
∂ωy

=
Ixx − Iyy

Izz
ωx,

∂f1
∂ωz

=
Iyy − Izz

Ixx
ωy,

∂f2
∂ωz

=
Izz − Ixx

Iyy
ωx,

∂f3
∂ωz

= 0.

(A.5)

(A.6)

(A.7)

and
∂fi
∂σj

= 0, i = 1, 2, 3, j = 1, 2, 3. (A.8)

MRP kinematics

Define

Σ ≜ 1− σ2
1 − σ2

2 − σ2
3. (A.9)

Let ωB
B/L = [ω1, ω2, ω3]

⊤ denote the relative angular rate entering the MRP kinematics,
so that

σ̇B/L =
1

4

(
(Σ)I3 + 2[σ]× + 2σσ⊤

)
ωB

B/L. (A.10)

In components, f4 = σ̇1, f5 = σ̇2, f6 = σ̇3.

Partial derivatives with respect to ω

The partial derivatives with respect to ωB
B/L are

∂f4
∂ωx

=
1

4
(Σ + 2σ2

1),
∂f4
∂ωy

=
1

2
(σ1σ2 − σ3),

∂f4
∂ωz

=
1

2
(σ1σ3 + σ2),

∂f5
∂ωx

=
1

2
(σ2σ1 + σ3),

∂f5
∂ωy

=
1

4
(Σ + 2σ2

2),
∂f5
∂ωz

=
1

2
(σ2σ3 − σ1),

∂f6
∂ωx

=
1

2
(σ3σ1 − σ2),

∂f6
∂ωy

=
1

2
(σ3σ2 + σ1),

∂f6
∂ωz

=
1

4
(Σ + 2σ2

3).

(A.11)

(A.12)

(A.13)
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Partial derivatives with respect to σ

Since ωB
B/L depends on σB/L through the LVLH coupling, the derivatives ∂f4/∂σi, f5/∂σi,

f6/∂σi are written via chain rule as

∂f4
∂σ1
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2
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(A.14)

(A.15)

(A.16)
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(A.17)

(A.18)

(A.19)
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(A.20)

(A.21)

(A.22)

LVLH coupling: partial derivatives ∂ωB/L/∂σB/L

Let nref denote the reference LVLH rotation rate. Using the MRP-to-DCM map, the
LVLH angular velocity expressed in B yields

ωB
B/L = ωB

B/E − nref
1

(2− Σ)2

 8σ1σ3 − 4σ2Σ

8σ2σ3 + 4σ1Σ

4(−σ2
1 − σ2

2 + σ2
3) + Σ2

 , (A.23)
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and therefore the required partial derivatives are

∂ω1

∂σ1

= −nref
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