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Abstract

The rapid growth of the satellites in Earth orbit and the prospect of increasingly
dense constellations, is reshaping the operational landscape of spaceflight. In
this environment, ground-intensive approaches to fleet operations, inspection, and
anomaly response become progressively less scalable. This trend motivates au-
tonomous rendezvous and proximity operations as enabling technologies for routine
inspection and servicing, as well as for safer and more efficient operations in space
missions. At the same time, it imposes stricter requirements on onboard guidance:
algorithms must be robust, constraint-aware, and computationally efficient to
support repeatable operations with limited human intervention.

Autonomy, however, cannot be assessed solely through nominal simulation per-
formance. A flight-relevant guidance solution is expected to provide consistent
convergence, enforce feasibility under limited control authority, tolerate uncertain-
ties in dynamics and vehicle properties, and run with bounded latency on onboard
computers. These requirements are particularly demanding in the far-range phase
when low-thrust propulsion is adopted: maneuvers extend over long horizons,
control authority is tightly bounded, and small modeling errors can accumulate
into significant trajectory deviations. As a result, the design of guidance policies for
far-range low-thrust rendezvous becomes a system-level problem at the intersection
of astrodynamics, guidance design, verification, and onboard deployability.

This thesis proposes a structured workflow to design and evaluate autonomous
far-range rendezvous guidance under low-thrust actuation. The approach starts
from a formal problem definition including objectives, constraints, and a hierarchy
of dynamical models used for nominal and perturbed testing. A reference guidance
policy is implemented and exercised in closed loop across diverse scenarios to
produce a traceable set of state—action trajectories. The resulting dataset is curated
through physically meaningful feature construction and consistent normalization,
complemented by filtering and balancing procedures to preserve representative
coverage of both thrusting and coasting conditions.

Using these expert demonstrations, a compact surrogate policy is learned to ap-
proximate the baseline mapping from relative state information to commanded
acceleration in a computationally efficient form suitable for real-time integration.
The surrogate is designed to interface cleanly with simulation and software work-
flows, enabling deterministic inference and straightforward substitution within a
closed-loop guidance architecture. The evaluation plan relies on mission-oriented
metrics at both command level and trajectory level, with emphasis on convergence



reliability, time-to-handover behavior, control-effort proxies, and constraint compli-
ance under nominal conditions and under perturbations representative of realistic
operations.
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“Somewhere, something incredible is waiting to be known.”

— Carl Sagan
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Chapter 1
Introduction

Orbital rendezvous is a fundamental capability for a wide range of space missions,
including servicing, inspection, debris interaction, in-orbit assembly, logistics, and
mission extension. In many of these applications, the guidance system must steer
an active spacecraft, hereafter referred to as the chaser, toward a target object
while satisfying operational constraints, respecting limited actuation authority,
and preserving a terminal state suitable for handover to a subsequent proximity-
operations layer. When such maneuvers are performed under low-thrust propulsion,
the problem becomes particularly challenging because the available acceleration
is small, the maneuver duration is long, and even modest guidance errors can
accumulate over many orbital revolutions.

This thesis focuses on far-range low-thrust rendezvous, i.e. the guidance problem
arising before terminal proximity operations, when the chaser is still separated from
the target by large relative distances and must progressively align orbit geometry,
relative phase, and terminal approach conditions over long horizons. In this regime,
the guidance law must remain effective over many updates, must cope with the
multiscale coupling between orbital geometry and along-track phasing, and must
remain numerically robust under bounded thrust authority. These characteristics
make the problem particularly suitable for studying the interaction between model-
based astrodynamics and data-driven policy approximation.

The work presented in this thesis is motivated by the following observation. On
the one hand, model-based guidance laws provide physical interpretability, explicit
constraint handling, and predictable failure analysis. On the other hand, their
direct online evaluation may become cumbersome when the guidance logic includes
orbital-element conversion, sensitivity-based control directions, mode sequencing,
and supervisory safeguards. A natural research direction is therefore to ask whether
a compact neural surrogate can learn the command-selection map of a reliable
model-based expert, while preserving enough consistency and robustness to remain
meaningful in closed-loop operation.
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The central idea investigated here is precisely this: rather than replacing the
entire guidance architecture with a black-box policy, the learning problem is
restricted to the expert command generator itself. The surrounding simulation
and control structure remains deterministic and model-based, while the neural
network is tasked with approximating the mapping from relative state information
to commanded acceleration. This framing turns the surrogate into a drop-in policy
module embedded in a physically structured environment, rather than into a fully
end-to-end autonomous controller.

1.1 Motivation and Research Context

Low-thrust propulsion has become increasingly relevant for modern space missions
because it offers high propellant efficiency and enables long-duration transfer
and rendezvous maneuvers that would be impractical under purely impulsive
assumptions. However, the same feature that makes low-thrust attractive from a
mission-design perspective also complicates guidance. Because the control authority
is weak, the resulting trajectories are long, strongly path-dependent, and sensitive
to persistent directional errors. In the far-range rendezvous regime, geometry
correction and phase correction are not naturally synchronized, and the guidance
law must often decide how to trade shape, plane, and timing alignment over
extended horizons.

This difficulty makes low-thrust rendezvous a useful case study for surrogate-
guidance research. Unlike short-horizon control tasks, it exposes the gap between
open-loop imitation accuracy and closed-loop operational reliability. A surrogate
that predicts expert commands reasonably well on demonstrated states may still
fail when used online, because small action discrepancies alter the visited-state
distribution and progressively move the policy away from the regime represented
in the training data. This phenomenon is well known in imitation learning and
sequential decision-making, where distribution shift and error compounding can
invalidate otherwise promising regressors [1].

From this perspective, the present thesis is not only about whether a neural network
can fit expert demonstrations, but about whether such a surrogate can remain useful
inside a realistic closed-loop rendezvous architecture. The problem is therefore as
much about interface consistency, deployment semantics, and failure modes as it is
about regression accuracy.



Introduction

1.2 State of the Art

1.2.1 Model-Based Low-Thrust Guidance

The classical solution space for low-thrust orbital transfer and rendezvous is dom-
inated by model-based guidance and optimization methods. Direct and indirect
optimal-control approaches can produce high-quality trajectories, but they may
be computationally demanding and sensitive to initialization when used in long-
horizon many-revolution settings. For this reason, a significant body of work
has also focused on guidance laws that trade strict optimality for computational
tractability and online interpretability.

Within this family, Q-law-type approaches are particularly relevant to the present
work. In these methods, the control is chosen to decrease a Lyapunov-like or
weighted error potential in orbital-element space, often through local control sensi-
tivities and heuristics for sequencing or coasting [2, 3]. Such methods are attractive
because they combine physical transparency with relatively low online computa-
tional burden. More recent studies have continued to use Q-law either directly or
as a seed for more refined low-thrust trajectory design pipelines, confirming its
practical value in many-revolution transfer problems [4, 5].

A second important ingredient in element-based low-thrust guidance is the choice of
orbital representation. Modified Equinoctial Elements (MEE) are widely adopted
because they provide a numerically robust alternative to classical orbital elements
in near-circular and near-equatorial regimes, while preserving a convenient mapping
between RTN acceleration and element-rate dynamics [6]. This representation is
particularly well suited to guidance architectures that decompose the rendezvous
objective into orbit size, shape, plane, and phase components.

In addition, the RTN frame remains a natural coordinate system for command
interpretation in rendezvous guidance. Tangential acceleration primarily affects
energy and semi-major-axis evolution, normal acceleration drives plane correction,
and radial acceleration contributes to geometry shaping [7]. This directional de-
composition is one of the reasons why model-based guidance laws often remain
easier to diagnose and tune than purely inertial black-box policies.

1.2.2 Learning-Based Surrogates and Imitation Learning

In recent years, machine learning has increasingly been explored as a way to
approximate expensive guidance, optimization, or control modules with compact
inference-time models. In the context of sequential decision problems, however,
learning from demonstrations introduces a known difficulty: policies trained only
on expert-generated states may degrade significantly when deployed online, because

3
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their own actions alter the state distribution. This mismatch between training and
deployment distributions can lead to compounding error over time [1].

For orbital guidance, this issue is especially important in long-horizon low-thrust
settings. A one-step prediction error that appears small in open-loop evaluation
may still produce meaningful trajectory drift when propagated over many guidance
updates. The challenge is therefore not merely to reduce regression loss, but
to preserve the directional and magnitude semantics that matter for closed-loop
convergence.

These considerations motivate a cautious learning architecture. Rather than at-
tempting to learn the entire rendezvous problem end-to-end, the surrogate developed
in this thesis is deliberately embedded in a deterministic model-based shell. This
design preserves physically meaningful preprocessing, explicit thrust scaling, deter-
ministic frame mappings, and traceable supervisory logic, while delegating only
the command-selection map to the neural approximator. The result is a hybrid
model-based / learned framework in which the neural network is treated as a
surrogate module rather than as a replacement for the full guidance system.

1.3 Problem Framing and Thesis Objective

The main objective of this thesis is to investigate whether a neural surrogate can
approximate a robust model-based expert guidance law for far-range low-thrust ren-
dezvous in a form that remains computationally efficient, physically interpretable,
and operationally meaningful in closed loop.

To address this objective, the work is organized around the following steps:

1. formalize the far-range rendezvous problem, including state definitions, perfor-
mance metrics, perturbation models, and terminal criteria;

2. design and implement a model-based expert guidance law that is robust,
bounded, and suitable both for closed-loop use and for demonstration genera-
tion;

3. construct a dataset pipeline whose feature and label semantics are fully
consistent with the deployed surrogate interface;

4. train a compact neural policy to approximate the expert command generator;

5. evaluate the surrogate in both open-loop and closed-loop settings, with partic-
ular attention to distribution shift, error compounding, and stability under
deployment.
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The goal is therefore not to claim that the learned surrogate outperforms the
model-based expert in every respect, nor to propose a fully autonomous learned
rendezvous controller. Rather, the purpose of this thesis is to determine to what
extent a compact learned surrogate can reproduce the expert guidance behavior
with sufficient consistency to remain useful in closed-loop operation, and to identify
the mechanisms that limit this transfer from open-loop imitation to trajectory-level
autonomy.

1.4 Scope and Delimitations

The work deliberately focuses on the far-range portion of the rendezvous prob-
lem. Terminal proximity operations, docking logic, and terminal vision-based
guidance are outside the scope of the present study. Similarly, the thesis does
not pursue a globally optimal solution of the low-thrust rendezvous problem. The
expert guidance law is designed as a robust and interpretable baseline suitable for
simulation-driven learning, not as a provably optimal or formally globally stable
hybrid supervisor.

On the learning side, the thesis does not attempt to learn the entire spacecraft
dynamics or mission logic. The surrogate only approximates the expert command-
selection map. Orbital propagation, frame construction, thrust-to-acceleration
conversion, and terminal logic remain model-based and deterministic. This delimi-
tation is intentional, because it permits a cleaner analysis of where learning helps,
where it fails, and how deployment semantics affect closed-loop behavior.

Finally, while dataset aggregation and iterative retraining strategies are considered
during development, the principal scientific narrative of the thesis is centered on
the baseline expert-to-surrogate pipeline and on the observed discrepancy between
open-loop agreement and closed-loop robustness. In this sense, the thesis is as
much an analysis of the limits of straightforward surrogate guidance as it is a
demonstration of its promise.

1.5 Main Contributions

The main contributions of the thesis can be summarized as follows:

1. a structured formulation of the far-range low-thrust rendezvous problem,
including operational metrics and termination logic suitable for trajectory-
level comparison;

2. a Q-law-inspired hybrid expert guidance law that combines element-based
geometry closure, gated phase correction, bounded actuation, and persistence-
based handover detection;
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3. a deployable neural surrogate architecture defined not only by an MLP, but by a
complete inference-time contract including preprocessing, clipping, confidence-
aware attenuation, and deterministic frame remapping;

4. a traceable dataset-generation and curation pipeline based on chunked arti-
facts, frozen scalers, rollout-level semantics, and semantic consistency between
training and deployment;

5. an evaluation framework that distinguishes open-loop command-level agree-
ment from closed-loop trajectory-level performance, thereby exposing the role
of distribution shift and error compounding in learned low-thrust guidance.

Taken together, these contributions support a central thesis claim: open-loop
imitation quality is a necessary but insufficient condition for reliable closed-loop
guidance in long-horizon low-thrust rendezvous. What matters equally is the
consistency of the deployed policy contract and the extent to which surrogate errors
remain bounded under the state distribution induced by the surrogate itself.

1.6 Thesis Structure

The remainder of the thesis is organized as follows.

Chapter 2 formalizes the far-range low-thrust rendezvous problem, introduces the
dynamical and operational assumptions, and defines the metrics used throughout
the work.

Chapter 3 presents the model-based expert guidance law. The expert is formu-
lated as a Q-law-inspired hybrid strategy combining geometry closure, gated phase
correction, feasibility enforcement, and persistence-based handover detection.

Chapter 4 defines the neural surrogate policy as a deployable module. It
introduces the history-stacked RTN feature representation, the MLP architecture,
and the deterministic inference-time wrapper used to convert the network output
into a feasible physical acceleration command.

Chapter 5 describes the dataset-generation and curation pipeline, including
feature construction, label normalization, rollout-level variation strategy, chunked
artifact management, and deterministic validation checks.

Chapter 6 compares expert and surrogate guidance through both action-level
and trajectory-level metrics, with emphasis on the gap between open-loop imitation
and closed-loop behavior.

1.7 Chapter Summary

This chapter introduced the research context and motivation of the thesis, positioned
the work with respect to model-based low-thrust guidance and learning-based

6
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surrogate policies, and defined the scope and objective of the study. The central
idea is to approximate a robust model-based expert guidance law with a compact
neural surrogate embedded in a deterministic guidance architecture, and to evaluate
this surrogate not only in terms of one-step imitation accuracy but also in terms of
closed-loop trajectory behavior. The next chapter turns this high-level motivation
into a formal problem statement by defining the far-range rendezvous regime,
the relevant state representations, the considered dynamics, and the performance
metrics used throughout the thesis.

A particular emphasis is placed on the distinction between command-level imitation
quality and closed-loop guidance reliability, since this gap ultimately determines
the practical value of the surrogate policy.



Chapter 2

Problem Definition and
Formulation

This chapter formalizes the far-range low-thrust rendezvous problem studied in
this thesis. The objective is to define, in a self-contained way, (i) the relative
state and the operational definition of “far-range”, (ii) the dynamical models and
perturbations considered in simulation, (iii) operational constraints and safety
requirements, and (iv) convergence and termination criteria. These definitions pro-
vide a consistent language for all subsequent chapters and ensure that comparisons
between guidance implementations are carried out under identical assumptions.

2.1 Definition of Far-Range Rendezvous and Per-
formance Metrics

Orbital rendezvous is the controlled process by which an active spacecraft (the
chaser) is guided toward a second object (the target) in order to achieve a prescribed
terminal relative state suitable for subsequent operations (e.g., inspection, docking,
capture, servicing, or handover to a proximity guidance layer). In this thesis, the
focus is on far-range rendezvous under low-thrust actuation, where the maneuver
typically spans long time horizons and the available acceleration authority is
bounded and relatively small.

2.1.1 Orbital Elements

In addition to Cartesian inertial states (r,v), the analysis and the definition of
rendezvous errors benefit from orbital-element representations, which provide an
intuitive decomposition of the motion into orbit size, shape, plane, and phase. Two

8
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element sets are used throughout the thesis: (i) COE, mainly for interpretation and
reporting, and (ii) MEE, adopted as a numerically robust representation to define
geometry-related errors. The orbital-mechanics definitions and notation adopted in
this chapter follow standard astrodynamics conventions.[§]

Classical Orbital Elements (COE)

The osculating Keplerian elements are
(a, e, i, Q, w, v), (2.1)

where a is the semi-major axis (setting the orbit size), e is the eccentricity (quanti-
fying the deviation from circularity and thus the orbit shape), ¢ is the inclination,
i.e., the angle between the orbital plane and the reference equatorial plane, €2 is the
right ascension of the ascending node (RAAN), defined as the inertial angle from
a fixed reference direction to the line of nodes measured in the reference plane,
w is the argument of periapsis, defined in the orbital plane as the angle from the
ascending node to the periapsis direction, and v is the true anomaly, defined as the
instantaneous angle in the orbital plane from periapsis to the position vector.
Given the inertial state (r,v), the fundamental vectors are:

h=rxv, h = ||, (2.2)
h

e2YXA T o, (2.3)
PR

with p the Earth’s gravitational parameter. The specific orbital energy is

2
2 x|

3

so that @ = —p/(2¢) for bounded orbits. Angles (7,2, w, v) are obtained by standard
geometric constructions from h, the line of nodes, and the eccentricity vector. In
this thesis, COEs are computed from (r,v) using a numerically robust RV-to-COE
conversion routine, consistently with standard astrodynamics definitions.[§]

Modified Equinoctial Elements (MEE)

To avoid the singularities of COEs at small eccentricity (e — 0) and small inclina-
tion (i — 0), we also use Modified Equinoctial Elements, following the classical
equinoctial-element formulation and its modified nonsingular variant.[9, 6]

Xmeeé[p f g h k L}T, (2.5)
9
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where
p = CL(l - 62)7 (26)
f 2 ecos(Q+w), g = esin(Q + w), (2.7)
h £ tan (;) cos (), k = tan (;) sin €. (2.8)

The angular variable L is a longitude-like parameter. For geometry tracking and
reporting, a common choice is the true longitude

LEQ+w+ur (2.9)

The adopted (p, f, g, h, k, L) parameterization follows the standard MEE defini-
tion widely used for nonsingular orbital representation and perturbation analysis.[6]

Osculating versus mean-like quantities. Unless otherwise stated, orbital
elements in this thesis are osculating elements computed from the instantaneous
Cartesian state (r,v). In perturbed motion, osculating elements exhibit short-
period variations. For this reason, when phasing variables are used as long-horizon
indicators, “mean-like” quantities (e.g., mean longitude A or filtered surrogates)
are preferred to reduce sensitivity to short-period oscillations while preserving
the long-term trend relevant to far-range rendezvous, consistent with standard
orbital-element practice.|8]

Mean Longitude for Phasing (Definition)
Far-range rendezvous requires closing both geometry (orbit size/shape/plane) and
phasing. A convenient phasing indicator is the mean longitude:

AEQ+w+ M, (2.10)
where M is the mean anomaly. Given (v, e), the eccentric anomaly E and mean

anomaly M satisfy:

1_
€ tan 2 , M=F —esinkE. (2.11)
1+e 2

E=2 arctan(

The variable A is “mean-like” and is less affected by short-period oscillations than
the true longitude, which makes it well suited to define a phasing error over long
horizons in far-range rendezvous analysis. (8]

2.1.2 Relative State and Element-Based Errors

This section defines the relative quantities used to assess rendezvous progress and
formalizes orbit-geometry errors in terms of Modified Equinoctial Elements (MEE),
which provide a robust, near-singularity-free description of orbital differences.

10
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Inertial Relative State

Let (r!,v!) and (r!,v!) denote the inertial states of chaser and target. The inertial
relative position and velocity are defined as

pl(t) = rc(t) —ri(t),  p'(t) £ vilt) = vi(1). (2.12)

Two fundamental scalar indicators are the range and the relative speed,

pt) £ 1" @l valt) = 6" @), (2.13)

together with the line-of-sight (radial) closing rate

s PR
A PO 24

These quantities are used to define terminal handover conditions and to monitor
safety-related behavior (e.g., avoidance of excessive closing speeds).

Notation consistency. In the remainder of this chapter, the superscript (-)! is
omitted when no ambiguity arises; all relative quantities are assumed expressed in
the inertial frame unless explicitly stated.

Motivation for Element-Based Errors

While Cartesian relative variables are essential for terminal verification, far-range
rendezvous is strongly driven by orbital geometry: size, shape, and plane alignment,
as well as phasing along the orbit. Element-based errors provide an interpretable
decomposition of these aspects and support long-horizon monitoring where p(t)
may not decrease monotonically due to orbital mechanics and perturbations.

In this thesis, element-based errors are defined using Modified Equinoctial
Elements, which are well suited for near-circular and/or near-equatorial orbits
where classical Keplerian elements may become ill-conditioned.[9, 6]

Interpretation. The element p captures orbit size (through semi-latus rectum),
(f,g) encode the eccentricity vector (shape and periapsis orientation), and (h, k)
encode the orbital plane (inclination and node) in a nonsingular way. This makes
MEE particularly convenient for defining smooth geometry errors and for separating
orbit-size, shape, and plane effects in a numerically robust form.|[6]

11
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Angle Wrapping Convention

For any angular variable «, differences are computed using the wrapped value in
(—m, 7

(2.15)

wrap, (Aa) = Aa — 27 {Aa i WJ :
7T

This avoids discontinuities at 27 and ensures that the smallest signed angular error
is used.

MEE Error Vector and Geometry Error Metric

Let Xpee,c and Xpee denote the MEE vectors of chaser and target computed from
the current inertial states. The MEE error is defined as:

-
AxXee 2 Xineee — Xmeoy = [Ap Af Ag Ah Ak AL] : (2.16)
where the longitude difference is evaluated using angle wrapping:
AL = wrap_ (L. — L;) . (2.17)
For far-range geometry tracking, the primary geometry error vector is
N T
Ay = [Ap Af Ag Ah AK] (2.18)

excluding the phase component. A compact scalar geometry error is defined
by scaling p with a reference value p,¢ and leaving the remaining equinoctial
components unscaled:

2
€goom = J (Ap> +(Af)2+ (Ag)? + (Ah)2 + (Ak)2, pret = max(p, 6p),

Dref
(2.19)
where ¢, is a small positive constant used to avoid division by zero. This definition
provides a dimensionless indicator of orbit similarity in terms of size/shape/plane,
suitable for monitoring convergence over long horizons.

Phasing Error (Element-Based)

A separate quantity is required to capture phasing along the orbit. In an element-
based view, phasing can be represented by a longitude-like angular error, computed
with wrapping. In this thesis, the phase mismatch is expressed as an angular
difference (e.g., a mean-like longitude or a filtered longitude-like variable derived
from osculating elements), denoted here generically as A\:

AN = wrap, (A — ). (2.20)
12
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The specific definition of A\ used in the implementation is chosen to be robust to
short-period oscillations, so that A\ captures long-term phasing mismatch relevant
to far-range closure.

Scaling and interpretability. The geometry metric in (2.19) combines het-
erogeneous components. The normalization of Ap by p.s yields a dimensionless
contribution comparable in magnitude to (f, g, h, k), which are already dimen-
sionless. Alternative scalings (e.g., weighting matrices) can be adopted to reflect
mission priorities (plane closure vs shape closure). In this thesis, the unweighted
form is preferred to avoid embedding task-specific heuristics in the metric definition
and to keep comparisons between guidance policies transparent.

Near-circular and near-equatorial regimes. A key motivation for using MEE
is numerical robustness when e — 0 and/or i — 0. In such regimes, COE-based
errors that involve w or 2 may become ill-conditioned, whereas (f, g, h, k) remain
well-behaved.[9, 6] For this reason, geometry closure is assessed primarily in MEE
space. COEs are still reported for interpretability (e.g., Aa, Ai, AQ), but they are
not used as primary convergence criteria.

Relationship to far-range guidance structure. In far-range, it is often
beneficial to treat geometry closure and phasing closure as partially decoupled:
geometry closure aims at matching orbit size/shape/plane, while phasing closure
aligns mean longitudes (or equivalent mean-like surrogates). This separation is
aligned with Lyapunov-based far-range guidance strategies, where the Lyapunov
function is often constructed from geometry and phase error components with
different time scales.

Separation of roles. In summary, (p, v, p) are used for terminal verification
and safety monitoring, while (Ay, A)X) provide an interpretable decomposition of
far-range progress in geometry and phase.

2.1.3 Relative State and Range-Based Definitions

For completeness and to support later diagnostics, we restate that range-based
scalars are obtained directly from the inertial relative state. Specifically, the relative
position and velocity in the inertial frame F; are

prt) =ra(t) —ri(t),  p'(t) = ve(t) — v (b), (2.21)

and the scalar range is
p(t) = o' (®)]]- (2.22)
13
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The closing rate along the line of sight is given by (2.14). These quantities compress
the relative motion into interpretable scalars: distance to target and instantaneous
rate of approach/recession along the line of sight.

In far-range, p(t) may vary non-monotonically due to orbital geometry and
perturbations; therefore, range-based measures must be complemented by trajectory-
level indicators (Section 2.1.5) and by element-based errors (Section 2.1.2).

Depending on mission conventions, the relative state may also be expressed in
a target-centered rotating frame (e.g., LVLH/RTN) or via differences in orbital
elements. The formulation in this chapter remains general and does not depend on
a specific coordinate choice; the key requirement is that the chosen representation
can be mapped into guidance commands and performance metrics consistently.

2.1.4 Definition of the Far-Range Regime and Handover
Set

The rendezvous timeline is commonly partitioned into phases (far-range, mid-range,
near-range) to reflect changes in dominant constraints and required modeling
fidelity. In this work, far-range is characterized by:

 large initial separation and typically weak geometric constraints compared to
near-range;

o long-duration maneuvers, often spanning multiple orbital revolutions;

 limited control authority, so that convergence must be achieved gradually and
robustly;

« the primary objective of shaping the relative orbit/geometry for a safe and
efficient transition to later phases.

Operational characterization (order-of-magnitude). While the formulation
is kept general, the term far-range refers here to rendezvous scenarios in which the
initial separation is typically much larger than the final handover tolerance, and
the maneuver spans multiple orbital revolutions under low available acceleration.
In this regime, p(t) is not required to decrease monotonically, and progress is more
meaningfully tracked through trajectory-level indicators (e.g., geometry/phasing
proxies and feasibility metrics) rather than instantaneous range reduction.

Operationally, far-range rendezvous is defined as the interval

€ [toty], (2.23)
14
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where % is the start time of the autonomous far-range guidance and ¢y is the time
at which the system reaches a prescribed handover set Xy in the relative-state
space. A generic definition of X} is:

Xp = {(p.p) : Pl < prot, 18]l < vrat, ¢(p. P) < brar} (2.24)

where py and v, are mission-defined tolerances, and ¢(-) denotes an optional
additional geometric or energetic constraint (e.g., approach corridor, relative-orbit
alignment proxy, or bounded relative energy) required to ensure compatibility with
the next-phase guidance logic. Typical examples of ¢(-) used to enforce handover
compatibility include:

« Approach corridor / cone: a bound on the relative position direction
in a target-centered frame, e.g., ¢(p, p) = ZL(p,¢) with ZL(p,é) < ¢y for a
prescribed corridor axis ¢;

« Relative-orbit alignment proxy: a constraint on geometry/phasing residu-
als, e.g., @(p, p) = €geom OF & combined metric (€geom, |AA]);

« Bounded relative energy / closing behavior: a constraint limiting
excessive closing speed near handover, e.g., ¢(p, p) = ||p|| or an energy-like
proxy to prevent fragile terminal crossings.

The rendezvous success event for the far-range phase is then defined as:
(p(ty), p(ty)) € Xp for some tf < timax, (2.25)

where .., is a maximum allowable duration reflecting operational constraints
(timeline, power/thermal constraints, communication windows, or mission schedul-

ing).

2.1.5 Performance Metrics: Mission-Oriented Evaluation

Because far-range low-thrust maneuvers are long and guidance acts continuously,
evaluation must extend beyond instantaneous command matching and focus on
trajectory-level outcomes and feasibility. This thesis adopts the following families
of performance metrics.

(i) Convergence and success rate. The most fundamental metric is whether
the handover set is reached within the allowable time:

(2.26)

[ a 1, 3ty < tmax such that (p(ty), p(ty)) € Xy,
e 0, otherwise.
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Over an ensemble of scenarios (e.g., Monte Carlo campaign), a key robustness
indicator is the empirical success probability:

R
ﬁsucc = X7 Z [Sl’LICC' (227)
N =1

This metric captures reliability across variability in initial conditions and uncer-
tainties.

(ii) Time-to-handover. For successful cases, the time-to-handover is
tho =t — to, (2.28)

with aggregate statistics such as mean, variance, and tail quantiles used to charac-
terize typical and worst-case behavior across the scenario set.

(iii) Range and closing behavior. The evolution of p(t) and p(t) provides
insight into approach quality and detects stagnation or oscillatory behavior. In
addition to terminal thresholds, monotonicity is not generally guaranteed under
perturbations; however, boundedness and sustained progress can be assessed by
windowed indicators such as

Apw(t) = p(t) = p(t — W), (2.29)

for a chosen window length W (typically on the order of one or more orbital
periods), or by verifying that p(t) decreases on average over the maneuver. These
indicators are useful for diagnosing failure modes even when terminal success is
not achieved.

(iv) Control effort and propellant proxies. For low-thrust systems, control
authority is bounded and propellant consumption is critical. A standard proxy for
maneuver cost is the accumulated acceleration (“equivalent Av”):

t
Aveg 2 [ ()] at (2.30)

where a.(t) is the commanded acceleration actually applied by the propulsion
subsystem. When a thrust and mass-flow model is included, propellant consumption
may be computed via:

m(t) = —

&mu@, Mprop = M(to) — m(ty), (2.31)

or by an equivalent form consistent with throttle modeling. In this thesis, both
Aveq and (when available) mass consumption are used to quantify efficiency.
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(v) Constraint compliance and feasibility. Guidance must respect operational
limits such as bounded acceleration magnitude, pointing constraints, and duty-
cycle constraints. A generic feasibility condition for low-thrust actuation can be
expressed as

lac(t)]| < amax(t) Vt € [to, ty]. (2.32)

Constraint compliance can be quantified by maximum violation and integrated
violation measures, e.g.

Ay _
Emax = téﬂiﬁ} max{0, ||a.(t)|| — amax(t)}, (2.33)
t
- / " max{0, [[ac(t)]] — dmax(£)} dt. (2.34)
to

These metrics are essential to distinguish trajectories that are nominally convergent
but operationally infeasible.

2.1.6 Objective Statement

While this thesis does not assume a specific optimal control formulation, the
guidance task can be summarized as producing a feasible control history that drives
the relative state into X while minimizing a mission-relevant cost. A generic cost
functional can be expressed as:

J & artao + Qy AUeq + ae Piol + i Psmootha (235)

where P,;, penalizes constraint violations, P.,.otn penalizes excessive command
variability, and «. are positive weights reflecting mission priorities. In practice, this
cost is used as a conceptual reference to interpret performance trade-offs; the actual
evaluation throughout the thesis is conducted via the metric set defined above.

2.1.7 Role of the Metrics in the Thesis Workflow

The definitions in this section establish a consistent language for the remainder of
the thesis. Later chapters use the handover set X'y and the metric families (success,
time, efficiency, compliance, robustness) to:

 define acceptance criteria for simulation runs and dataset generation;
» compare alternative guidance implementations fairly under identical scenarios;

« quantify the impact of uncertainties and perturbations on mission-level out-
comes.

By anchoring the analysis to trajectory-level and feasibility-oriented metrics, the
study remains aligned with the requirements of onboard autonomy and operational
relevance.

17
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2.2 Dynamic Models and Considered Perturba-
tions

2.2.1 Reference Frames

In orbital mechanics, the definition of reference frames is not a matter of notation
only: orbital elements, perturbation models, and guidance commands depend on
the adopted frame and on the associated conventions. This thesis employs an
Earth-centered inertial frame for propagation and guidance evaluation, and a local
orbital frame to parameterize and interpret acceleration commands

The specific construction of the inertial-to-Earth-fixed transformation is consistent
with standard terrestrial and celestial reference-system conventions.|[10]

ECI and ICRF
Let F; = {is,]1, k;} denote an ECI frame (ICRF/J2000-like). The origin is located

at the Earth’s center of mass. Vectors expressed in F; may be denoted with a
superscript (-)! when needed (e.g., rf, v1).
The inertial state of a spacecraft is

x!(t) £ lf,i((?)] € R,

is measured from the Earth center and v’ is the inertial velocity.

(2.36)

where 1!

K
Satellite

Celestial north pole  [Z

Celestial sphere

- ' P T P S B . Q
Earth's eqtldtcz{{al plane < \Declination, 3

Intersection of equatorial
and ecliptic planes

Y

j

~——Celestial equator

.

™~ Right ascension, e«
X

Vernal equinox, ¥

Figure 2.1: Earth-centered inertial frame F; (ECI/ICRF)

ECEF and Inertial-to-Fixed Mapping (when required)

Some environmental models are naturally expressed in an Earth-fixed frame F
rotating with the Earth (e.g., gravity harmonics aligned with the Earth’s figure,
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atmospheric drag, ground-relative quantities). When such models are enabled,
inertial position vectors are mapped into ECEF through a time-dependent DCM
Cpei(t):

rE(t) = Cper(t)r'(t). (2.37)

The reverse mapping is ' = Cf, ;rF since Cg, s is orthonormal. Velocity trans-
formations require additional kinematic terms due to the rotation of Fp and
are discussed below. The specific construction of Cg. r(t) (Earth rotation angle,
precession—nutation, polar motion, Earth orientation parameters) belongs to the
simulation infrastructure; in this chapter we introduce only the notation and the
frame roles.

Rotation Axis ECI Frame Z

\ "

i Equator
T ¥

N
Direction of \
Vernal Equinox

0 Longitude . e
(Greenwich Line)

Rotation Axis

ECEF Frame £

/
/ /
/

/ i

i
IJ Equator

T

Figure 2.2: Relationship between inertial frame F; and Earth-fixed frame Fg
through the DCM Cpg.;(t).

Local Orbital Frame RTN (Command and Interpretation)

For guidance command parameterization and for an intuitive decomposition of accel-
erations, we adopt the local orbital frame Fr = {&,,&;, €} (commonly RTN/RSW),
built from the chaser instantaneous inertial state (r!,vl).

The associated unit vectors are defined as:

I I I
~ A Te ~ A T XV, A A A N
e = — e, = —mm— e = e, X e 2.38
T el " el x VI R (2.38)

where:
&, is the radial unit vector (from Earth center to spacecraft),
o & is the along-track (transverse) unit vector, tangent to the orbit,
e &, is the cross-track unit vector, normal to the orbital plane.

By construction, {é,,&;,&;} form a right-handed orthonormal triad.
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Equatorial - : ’ ™ : __.-':"'.' ' .
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I-" ? : r 0 “‘-%,/ 12 :
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Figure 2.3: Definition of the RTN local orbital frame Fx from the chaser state
(re, ve). The unit vectors are radial (&,), along-track (&;), and cross-track (&y,).

The DCM mapping RTN components into inertial coordinates is:
Cren2 (6 & &) eR™,  x'=Cppx", (2.39)
and conversely x® = C],_px!.

In this work, the commanded low-thrust acceleration is naturally expressed in
RTN components:

ul'(t) 2 |w(t)|,  al(t) = Cr pg(t)ul(t). (2.40)

This parameterization directly separates the physical effects of thrust: radial
(energy/shape), along-track (energy/phasing), and cross-track (plane change).

Remark on velocity transformations. While positions can be mapped as
r? = Cg_;r!, the mapping of velocities between inertial and rotating frames
requires additional kinematic terms due to the rotation of Fg. Let wg denote the
Earth angular velocity expressed in Fg. Then, the inertial and rotating-frame

velocities satisfy

dr\’ dr\” B
% :CI<—E % +CI<—E (wE Xr ), (241)

or equivalently, in Fg,
vP = Cpo vl — wp x rF. (2.42)
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In this thesis, these kinematic relations are handled consistently within the simula-
tion infrastructure whenever Earth-fixed models (drag, harmonics, ground-relative
quantities) are enabled. The purpose of this section is to define the notation and
avoid ambiguity in later model descriptions.

Time Scales and Earth Orientation Parameters

When an ECI-ECEF mapping is required, it depends on the adopted time scales
and Earth orientation parameters (EOP). In this thesis, the mapping is represented
compactly by Cg. ;(t), where ¢t denotes the simulation time argument. All details
regarding time scales (e.g., UTC, UT1, TAIL, TT) and EOP handling (polar motion,
Earth rotation angle, precession—nutation) are encapsulated in the propagator
implementation. This chapter introduces only the convention that Cg. ;(t) is
orthonormal and continuously time-varying, and that it is applied consistently
across all environment models and test cases.

2.2.2 Gauss variational equations: mapping from RTN
acceleration to orbital-element rates

To explicitly relate low-thrust guidance commands to the evolution of the osculating
orbit, we adopt Gauss’ variational equations. Let the osculating Classical Orbital
Elements be

A . T
Ycoe = [CL, €, 1, Qa W, V] )

and decompose the specific perturbing acceleration in the local orbital frame

{R,T,N} as
apéaRR+aTT+aNN.

Define the semilatus rectum p = a(1 — €2), the orbital radius r = He’ﬁ, and the

specific angular momentum magnitude h £ | /zp. Moreover, let u £ w + v denote
the argument of latitude. Under the osculating-element assumption, the element
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rates are given by

2 2
a = Z(e sinvag + faT), (2.43)
Y
é = h(psmyaR + ((p +r)cosv + re) aT), (2.44)
;=T o, (2.45)
h
. rsinu
0= 2.46
hsing (2.46)
1 : .
dJ:he(—pcosuaRjL(p—i-r)sinz/aT) —%am (2.47)
'—h+1( (p+7)si ) (2.48)
v=5+ - (pcosvar— (p+r)sinvar ). :

Equations (2.43)—(2.48) highlight a control-affine structure that will be exploited
later for guidance design and learning:

YCOE = fo(Y) + B(Y) ARTN, ARTN £ [GR7 ar, aN]T, (2-49)

where fy(y) collects the Keplerian contribution (e.g., the term 2/r? in ) and B(y) is
the state-dependent mapping from RTN acceleration components to orbital-element
rates. This mapping provides a direct physical interpretation of how acceleration
direction affects size/shape/plane/phase evolution, and it will be referenced in the
subsequent expert-law derivation and in the definition of learning targets.

2.2.3 Full Acceleration Model

The translational dynamics of chaser and target are propagated in an Earth-centered
inertial frame F; by numerical integration of the Cartesian state. For a generic
spacecraft, the equations of motion are written as

i =v! (2.50)

vi=aly(r") +al, (") + > aéB,b(rI> t) +ap (', v t) +agp(r’ 1) +al(t),
be{Sun, Moon}
(2.51)

where al(t) is the commanded low-thrust acceleration (Section 2.2.4) and the re-
maining terms collect the considered environmental perturbations. The same model
structure is used for both chaser and target; the target is treated as unactuated,

ie.,al =0.
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Modularity and model levels. The acceleration model in (2.51) is implemented
in modular form to enable controlled model-fidelity studies. Three fidelity levels
are used throughout the thesis:

o FO (baseline): two-body gravity + low-thrust control.
« F1 (LEO-secular): FO + J, (and optional simplified drag).

« F2 (enhanced): F1 + third bodies (Sun/Moon) + SRP + higher-fidelity
drag and actuation uncertainties.

This structure enables isolating the effect of each perturbation family on far-range
convergence and on the learned policy generalization.

2.2.4 Continuous-Time Dynamics with Low-Thrust Control

The chaser translational dynamics are modeled as a controlled system:
I. =V, (2.52)
Ve = ay(re, t) + ay(re, ve, t) + ac(t), (2.53)

where a, is the central-body gravitational acceleration, a, collects perturbing
accelerations, and a.(t) is the commanded acceleration due to thrust.

The target dynamics are assumed known or predictable over the guidance
horizon:

I..t = Vy, (254)
Vt = ag(rt, t) + ap(rt, Vi, t), (255)

which is equivalent to assuming either a cooperative target with broadcast ephemeris
or a sufficiently accurate onboard prediction for guidance purposes.
For completeness, the nominal two-body gravity term can be written as

a,(r) = —uH:H?,, (2.56)

where p is the Earth gravitational parameter.
For low-thrust propulsion, mass variation may be relevant. When included, the
mass dynamics can be modeled as:

m(t) = — ]ngo ult), (2.57)

where T' is maximum thrust, I, is specific impulse, gy is standard gravity, and
u(t) € [0,1] is a throttle factor. The commanded acceleration then becomes:

aft) = oo dn, ] =1, (2.58)

with d(¢) a unit vector defining thrust direction.
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2.2.5 Baseline Model and Perturbation Set

A baseline dynamic model is required for systematic analysis and repeatable
simulation campaigns. The baseline typically includes two-body gravity (2.56)
and low-thrust control (2.58), optionally augmented with simple perturbations.
Robustness is then assessed by introducing additional effects or uncertainties.

In this thesis, perturbations are treated modularly and may include:

« Non-spherical gravity: low-degree harmonics (e.g., J;) or higher-fidelity
spherical harmonics when required. The main impact at far-range is the secular
drift of orbital-plane and argument parameters over multiple revolutions, which
indirectly affects phasing and handover readiness.

« Third-body gravity: Sun/Moon perturbations depending on orbit regime
and maneuver duration.

« Atmospheric drag: when applicable (LEO cases), with uncertainty in density
models and attitude-dependent drag area.

e Solar radiation pressure: as a bounded disturbance with parameter uncer-
tainty (reflectivity coefficient, area-to-mass).

e Actuation uncertainty: thrust magnitude bias, misalignment, throttle
quantization, and time delays.

All considered models are implemented within a closed-loop simulation envi-
ronment using a Simulink-based orbital propagator. The propagator numerically
integrates the nonlinear dynamics for chaser and target and applies the commanded
acceleration input subject to the feasibility constraints in Section 2.3. This al-
lows consistent evaluation of guidance behavior over long horizons and under
progressively richer perturbation sets.

Two-Body and J; Perturbation

The central (two-body) gravitational acceleration is

r
aéB(r) = _MHI‘HS (259)

To capture the dominant effect of Earth oblateness in LEO, the J; perturbation
is included. Let r be expressed in an Earth-fixed frame Fg with kg aligned with
the Earth’s rotation axis. Denoting r¥ = [z y z]" and r = ||[r¥||, the J, acceleration
in F, E is

s, |40 1
p 2
2(5% -3

24



Problem Definition and Formulation

The inertial contribution is obtained by mapping a%, back to F; through the DCM
C;g(t) = CL. ;(t) introduced in Section 2.2.1.

Third-Body Gravitational Perturbations (Sun and Moon)

Third-body perturbations due to Sun and Moon are modeled as differential acceler-
ations with respect to the Earth-centered frame. Let r be the spacecraft position
w.r.t. Earth and let r,(¢) be the position of the third body b w.r.t. Earth, both
expressed in F;. Then the third-body acceleration is

ol rp(t) —r  1(t)
33”‘“”<||rb<t>—rr|3 ||rb<t>r|3)’ (261)

where 1, is the gravitational parameter of body b. This formulation ensures that
the perturbation vanishes at the origin and is consistent with an Earth-centered
inertial propagation.

Atmospheric Drag

In LEO, atmospheric drag is modeled as an acceleration opposite to the velocity
relative to the atmosphere. Let v be the spacecraft velocity expressed in Fg
and let wg be Earth’s rotation vector. The velocity relative to the co-rotating
atmosphere is approximated as

vE =vF —wp x ¥ (2.62)
The drag acceleration is
1 CpA
ag = _5 - patm<h7 t) vaelH erl? (263)

where Cp is the drag coefficient, A is the reference area, m is the spacecraft
mass, and P, is the atmospheric density model as a function of altitude A (and
possibly time/solar activity). The inertial contribution is obtained through the
ECEF-to-ECI mapping.

Solar Radiation Pressure

Solar radiation pressure (SRP) is modeled as a bounded disturbance directed
approximately away from the Sun. Let r(¢) be the Sun position w.r.t. Earth and
let ry/. be the spacecraft position. Define the Sun-to-spacecraft direction

I‘S/c — I'@
[rs/e — ro|
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A common acceleration model is

CﬁAgn@; (2.65)

I
a =—PF
SRP °—
where P, is the solar radiation pressure at 1 AU (scaled appropriately if desired),
Ck is a reflectivity coefficient, and 7(t) € [0,1] is a shadowing factor accounting for
eclipse conditions.

2.3 Operational Constraints and Safety Require-
ments

2.3.1 Actuation Limits

Low-thrust rendezvous is fundamentally constrained by limited control author-
ity. The primary hard constraint is the bound on the commanded acceleration
magnitude:

[ac()[] < amax(t), (2.66)

where amay(t) may vary with mass as implied by (2.58). In practice, guidance laws
(expert and learned) may output a requested acceleration ae(t) which is then
mapped into a feasible command by saturation and operational gating:

ac(t) = HU(t)(areQ(t))> (267)

where Il (-) denotes the projection (or clipping) onto the set of admissible accel-
erations U(t) at time ¢. This representation is convenient because it decouples the
policy definition from the actuation implementation while guaranteeing feasibility
by construction whenever U(t) is non-empty.

Additional operational constraints are captured through the definition of U(t)
and may include:

« Thrust pointing constraints: the thrust direction d(¢) restricted by attitude
constraints, keep-out cones, or Sun-safe/thermal pointing envelopes. A generic
representation is

d(t) e D(t) C S?, (2.68)
where D(t) is a time-varying admissible direction set.

o Duty-cycle / availability constraints: limitations on continuous firing
duration, minimum on/off times, or power-limited thrusting (e.g., eclipse).
These can be modeled by a scalar availability factor v(t) € [0,1] such that

0 <wu(t) < (). (2.69)
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« Rate and smoothness constraints: bounds on direction and throttle rates,
e.g., .
[A®)]| < dmax,  [@(t)] < Tmax, (2.70)

which prevent unrealistically fast switching and reflect actuator and attitude-
control limitations.

These constraints ensure that the generated guidance is compatible with realistic
propulsion and attitude-control subsystems, and they provide a consistent basis for
feasibility assessment.

2.3.2 Mission and Safety Constraints

Even in far-range, safety-driven constraints influence guidance design because long-
duration maneuvers can inadvertently lead to undesired approach geometries or
excessive closing rates. In this thesis, safety is described through state constraints
and handover-compatibility constraints.

Keep-out regions (state safety). Let x,0(t) denote a chosen relative-state
representation (e.g., inertial (p, p), or a target-centered LVLH representation).
Define an unsafe set C and the corresponding safe set S as

S2R"\K. (2.71)
A generic safety requirement is
Xrel(t) €SVt € [to, ty]. (2.72)

Typical examples of K include exclusion spheres/cylinders, forbidden line-of-sight
cones, or constraints that prevent approach from undesired directions. In this
chapter, the precise geometry of IC is kept generic; later chapters introduce specific
forms and safety-enforcement mechanisms consistent with the adopted guidance
architecture.

Geometric corridors and handover compatibility. In addition to avoiding
unsafe states, far-range guidance must steer the system toward a configuration
compatible with subsequent mid-/near-range logic. This is captured by the han-
dover set Xy (Section 2.1.4), whose additional constraint ¢(-) can be used to
encode an approach corridor, relative-orbit alignment proxies, or bounded relative-
energy conditions. Conceptually, these constraints ensure that the far-range phase
does not achieve terminal thresholds through a transient or operationally fragile
configuration.
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Bounded relative energy and closing speed. Beyond the terminal limits on
p(t) and ||p(t)|], it is often useful to monitor progress and safety through energy-
like or rate-based indicators (Section 2.4.2). In particular, excessive closing rates
can compromise the feasibility of later capture logic, while sustained increases in
separation indicate divergence and may trigger early termination in simulation.

Operational time constraints. A maximum allowed time-to-handover ¢, is
imposed to reflect mission timelines, power /thermal constraints, eclipse scheduling,
or communication-window constraints. This is treated as a hard constraint in
evaluation:

tr—to < tmax. (2.73)

In a verification-oriented context, safety is interpreted as maintaining bounded,
predictable behavior under uncertainties, and ensuring that the guidance policy
does not generate infeasible commands or unsafe trajectories that would require
frequent ground intervention.

2.3.3 Problem Statement

Given initial conditions (r.(ty), v.(to), m(to)) and target ephemeris (r:(t), v¢(t)),
the guidance problem consists of generating a feasible command history a.(t) (or

equivalently u(t),d(t)) such that the relative state reaches a desired terminal set
while satisfying operational and safety constraints:

find a.(t), t € [to,ts], (2.74)
s.t. dynamics (2.52)—(2.57),

a.(t) e U(t) (including (2.66) and additional limits),

Xrel(t) € S Vt € [to, ts] (safety),

(p(ty),p(ty)) € Xp, by —to < limax-

The terminal set X'y encodes the far-to-mid/near handover requirements, while /()
and S capture actuation feasibility and mission safety, respectively.

2.4 Convergence Criteria and Termination Con-
ditions

2.4.1 Handover (Terminal) Conditions

Convergence is defined as reaching a state suitable for handover to subsequent
rendezvous phases. A generic terminal condition can be expressed as:

U < pror, (O] < vta, (2.75)
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possibly augmented with additional constraints on approach geometry or relative
orbital elements (cf. (2.24)). The thresholds pio and vy, are mission-dependent; in
this thesis they are treated as design parameters and used consistently across all
evaluations.

In long-horizon low-thrust rendezvous, it is often useful to require persistence of
terminal satisfaction to avoid declaring success due to transient threshold cross-
ings. This can be implemented by verifying that the inequalities in (2.75) hold
continuously over a time window of duration T}y prior to t.

2.4.2 Progress and Stagnation Detection

Because far-range low-thrust maneuvers can span long durations, it is important
to detect stagnation or divergence early. In addition to the terminal condition,
progress can be monitored through indicators such as:

o decreasing trend in ||p(t)|| over moving windows (e.g., (2.29));

» boundedness of relative speed and relative energy proxies (preventing sustained
growth of separation and closing speed);

« sustained feasibility of commanded actions under constraints (Section 2.3).

These indicators support robust simulation campaign management and provide
diagnostic information when guidance fails to converge.

2.4.3 Termination Conditions in Simulation

Each simulation run is terminated according to one of the following mutually
exclusive outcomes:

» Success (handover achieved): the terminal condition is satisfied (Eq. (2.75)
and any additional handover constraints) and, when enabled, it persists for at
least a dwell time T}, to avoid declaring success due to transient threshold
crossings.

e Timeout: the maximum allowed duration is reached, i.e., t — ty > tnax,
without meeting the persistence-based success condition.

« Operational infeasibility / constraint violation: a persistent or severe
violation of operational bounds occurs. This includes, for example, sustained
acceleration demand beyond the admissible set U(t) (Section 2.3.1), excessive
integrated violation (e.g., €, ), or repeated command saturation indicating
loss of effective control authority. Infeasibility is declared when violations
persist for longer than a configured window T, or exceed a peak threshold.
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» Safety violation: the relative state enters an unsafe set (keep-out region) K,
equivalently violating the safety requirement X,¢(t) € S (Section 2.3.2). This
outcome captures cases where terminal convergence might still be possible,
but the trajectory is operationally unacceptable.

o Numerical failure: the numerical propagation fails (integration error,
NaN/Inf state) or the model becomes invalid due to implementation-domain
issues (e.g., atmosphere model outside validity range).

For post-processing and failure-mode attribution, each run also records diag-
nostic indicators such as: minimum achieved range, maximum closing rate, peak
and time-integrated command saturation/violation, total thrusting time, and ge-
ometry/phasing residuals (€geom, AN) at termination. This classification enables
consistent success-rate analysis and supports interpretation of results in terms of
mission feasibility and robustness.

2.4.4 Implications for Later Chapters

The formulation presented in this chapter establishes the reference problem for the
development of autonomous guidance policies. Later chapters build on this founda-
tion by introducing a baseline guidance law, generating representative simulation
data over the defined operational envelope, and evaluating alternative guidance
implementations using the metrics and termination logic defined here.
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Chapter 3

Expert (Guidance Law: A
Q-law-Inspired Hybrid
Strategy

This chapter presents the expert guidance policy adopted in this thesis to au-
tonomously generate far-range, low-thrust rendezvous trajectories and to provide
supervision targets for the neural surrogate policy introduced in the following
chapters. Although the term “Q-law” is retained throughout the manuscript for
conciseness, the implemented expert is more precisely described as a Q-law-inspired
hybrid guidance law. Its core guidance mechanism remains consistent with the Q-law
philosophy, namely the construction of a local sensitivity-based descent direction
in orbital-element space. However, this core mechanism is embedded within a
broader supervisory architecture that explicitly accounts for bounded actuation,
numerical conditioning, mode sequencing, and robust closed-loop behavior over
long simulation horizons. |2, 3, 11]
The resulting expert combines two coordinated guidance channels:

« a geometry-closure channel, formulated in MEE, which generates a RTN
acceleration command aligned with a weighted local descent direction;

o a phase-correction channel, which generates controlled tangential drift
through a temporary semi-major-axis offset and is activated only once orbital
geometry has been sufficiently aligned.

Their outputs are blended and then processed through feasibility enforcement,
gating logic, and persistence-based handover detection.

This architecture is motivated by the role that the expert must play within
the overall thesis workflow. The objective is not merely to obtain convergence
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in a nominal scenario, but to define a guidance policy that remains numerically
robust, bounded, repeatable, and diagnostically transparent across the large Monte
Carlo campaigns used for dataset generation, training, and comparative validation.
For this reason, implementation-level mechanisms such as tapering, deadbands,
feasibility projection, and persistence timers are treated here as integral parts of
the expert law rather than as secondary implementation details.

Remark on terminology (“Q-law-inspired”). Classical Q-law formulations
are usually derived from the descent of a Lyapunov-like potential through an
analytical sensitivity model, often under assumptions that support relatively clean
theoretical guarantees at the guidance-law level. The expert implemented in this
thesis preserves the essential operational principle of Q-law - namely, local descent
in element space driven by control sensitivities, but augments it with supervisory
mechanisms required for large-scale simulation repeatability and numerically stable
closed-loop execution. Accordingly, the term Q-law-inspired is adopted throughout
the manuscript, to distinguish the implemented law from classical analytical Q-
law formulations while preserving its Lyapunov-guided orbital-element descent
rationale.[2, 3, 11]

3.1 Purpose of the Expert Guidance within the
Thesis

The expert guidance law occupies a central methodological role in this thesis. Its
function is not limited to producing a single feasible trajectory; rather, it supports
the entire expert-to-surrogate workflow. Specifically, it is used as:

« areference autonomous policy, to solve the far-range low-thrust rendezvous
problem under the assumptions and constraints introduced in Chapter 2;

« a demonstration generator, to produce state—action pairs for supervised
imitation learning and subsequent dataset-refinement procedures;

« a benchmark policy, against which the closed-loop behavior of the learned
surrogate can be compared using a deterministic and physically interpretable
baseline.

This dual role - controller and data generator - imposes requirements that go
beyond classical guidance design. In particular, the expert should satisfy:

» feasibility: commanded accelerations must remain compatible with the avail-
able thrust authority and should not introduce artificial numerical pathologies;
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» low-chatter behavior: the control law should avoid unnecessary switching
and residual micro-actuation near convergence;

 interpretability and diagnosability: intermediate metrics, gating decisions,
and channel contributions should be explicit and loggable for post-run analysis;

» repeatability: for fixed initial conditions and tuning parameters, the policy
should generate deterministic trajectories and actions suitable for learning.

These requirements motivate the hybrid structure described in the remainder of
the chapter. The design target is therefore not a formally optimal law, but a reliable
and physically meaningful expert whose outputs can be used both for closed-loop
guidance and for the construction of consistent imitation-learning datasets.

3.2 Guidance Interface, Discrete-Time Update,
and Command Outputs

The guidance law is evaluated at discrete update instants ¢, with fixed guidance
period T, consistent with the simulation step and/or scheduling logic introduced
in Chapter 2. At each update, the policy receives the inertial states of chaser and
target,

(reove),  (xf,vy), (3.1)

together with the available acceleration bound a.x (fx), the gravitational parameter
i, and an enable/disable flag from higher-level supervisory logic.
The primary output is the commanded inertial acceleration for the chaser,

al(ty) € R, (3.2)

along with a completion/handover flag indicating persistent satisfaction of the
far-range terminal conditions. In addition, the expert exposes auxiliary diagnostic
quantities such as egeom, AN, gate flags, and channel norms. These signals do
not alter the control command, but are useful for trajectory inspection, dataset
curation, and failure diagnosis.

3.2.1 Internal RTN Formulation and Frame Mapping

Although the external interface is expressed in inertial coordinates, the internal
guidance logic is formulated in the local orbital RTN frame of the chaser. The
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RTN basis is defined as

R=_—¢°, (3.3)
[l
N rl x vI
N=_-° ¢ 3.4
EERdl (34)
T=NxR, (3.5)
with associated rotation matrix
Cren=[R T NJ. (3.6)
Let
UR(tk)
uR(tk) = UT(tk) (37)
UN(tk)

denote the commanded acceleration in RTN coordinates. The inertial command is
obtained as

al(ty) = Crer(tr) u(ty). (3.8)

This internal decomposition is particularly natural for low-thrust rendezvous
because the three RTN directions are associated with distinct dynamical effects.
The tangential component primarily affects orbital energy and semi-major-axis
evolution, the normal component drives plane alignment, and the radial compo-
nent contributes to shape and orientation corrections. Expressing the expert in
RTN coordinates therefore facilitates both physical interpretation and structured
command synthesis.[7]

3.2.2 Element Conversion and MEE Internal State

The Cartesian states are converted into orbital elements and subsequently mapped
into Modified Equinoctial Elements,

Xmee = [Ds f,9, 1 K, L] (3.9)

for both chaser and target. The MEE representation is adopted because it avoids
the classical singularities associated with near-circular and near-equatorial orbits
while remaining well suited to low-thrust element-rate formulations.[6]

The chaser—target error in MEE coordinates is defined as

AXmee = Xmee,c — Xmee,t = [Apa Afa Aga Ah7 Akv AL]T (310)

All periodic quantities are wrapped consistently, for instance AL € (—m, 7], in
order to avoid discontinuities at angular branch cuts.
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3.3 Hybrid Guidance Architecture and Supervi-
sory Logic

The expert is organized as a hybrid supervisor with two partially decoupled
objectives:

o orbit-geometry matching, aimed at reducing mismatch in size, shape, and
orbital plane;

e phasing correction, aimed at reducing along-track timing mismatch once
the geometry has approached the target manifold.

This separation is not merely convenient from an implementation perspective; it
reflects the multiscale character of the far-range low-thrust rendezvous problem.
Plane and shape corrections often require long cumulative action, whereas aggressive
phasing too early in the trajectory may create inefficient spiraling, competing
objectives, or stalled convergence. In other words, attempting to regulate timing
mismatch before the chaser has reached an appropriate orbital family can degrade
overall guidance quality. The expert therefore treats geometry closure as the
primary task and enables the phase channel only when a geometry-ready condition
is satisfied.

Figure 3.1 summarizes the conceptual structure of the implemented expert.

Phase supervisor

gates + deadband
optional hysteresis

Phase channel Blend & feasibilit Persistence logic
RTN frame Metrics R R R v s
. Aaema uf = u +uf P < prol
+ MEE conversion €y, €geom . IR
— QT phase saturation ||u®|| < amax Vrel < Vtol
Xmee,c, Xmee,t AN, Ay, I3 . dwell T
l > Uphagse guardrails well Thersist

Output
al = Cjpuft
handover flag

Figure 3.1: Conceptual architecture of the Q-law-inspired hybrid expert guidance.
The expert combines a geometry-closure channel based on local MEE sensitivities
with a gated phase-correction channel based on tangential drift, and augments
both with feasibility enforcement and persistence-based handover logic.

Operationally, each guidance update consists of the following conceptual stages:
construction of geometry and phase error metrics; computation of the geometry
descent direction; evaluation of phase-readiness conditions; synthesis and saturation
of the combined RTN command; optional guardrail enforcement; and update of
the persistence-based handover logic. The detailed formulation of each stage is
presented next.
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3.4 Geometry-Closure Channel in MEE Space

3.4.1 Geometry Error Vector and Normalized Metric

The geometry channel excludes the phase variable and focuses on the five-element
vector

e, £ [Ap, Af, Ag, Ah,Ak]T. (3.11)
A normalized scalar indicator is then introduced as
A Ap ’ 2 2 2 2
Cacom =3[ + (Af)? + (Ag)? + (Ah)? + (Ak)?, (3.12)
ref

where p¢ is a positive scaling reference, typically chosen as pyor = max(ps, Pmin)
with a small floor py;, > 0.

The scalar egeom is used for task sequencing, tapering, and gating. It is not
presented as a strict Lyapunov function for the full nonlinear closed-loop dynamics;
rather, it is a normalized geometry indicator that captures, in compact form, how
far the chaser remains from the target orbit family in the variables most relevant
to far-range closure.

3.4.2 Weighted Quadratic Potential
The local geometry objective is encoded through the weighted quadratic potential

1
Vifey) = 3¢ Wiy, (3.13)

where W, = diag(w,, ws, wy, wy, wy) is diagonal and positive definite.

The diagonal weights assign relative priority to:

o size mismatch through Ap;
» eccentricity-vector mismatch through Af and Ag;

o plane mismatch through Ah and Ak.

This weighting is important because low-thrust rendezvous is intrinsically anisotropic:
depending on the initial geometry, plane correction may dominate feasibility,
whereas in other cases shape and size alignment may be the limiting factor. The
weights therefore serve as a compact design mechanism to encode guidance priorities.
The gradient of the potential with respect to the full MEE state is written as

ViV, = [Wgﬂ : (3.14)

where the final zero explicitly suppresses direct phase minimization within the
geometry channel.
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3.4.3 Control-Affine MEE Dynamics and Sensitivity Matrix

Under the standard osculating-element approximation, the MEE dynamics can be
written in control-affine form as

Xmee = fO (Xm867 t) + Bmee (Xmee> ARTN, (315)

where f; collects the uncontrolled drift terms and B, maps RTN acceleration
into MEE element rates.[6] In this work, the expert uses the standard two-body
Binee associated with the Gauss variational equations in MEE form, while modeled
perturbations are accounted for in the simulation environment.

Define the auxiliary quantities

w=14 fcosL+ gsinL, 2 =14+ h?+ k%, 5:\/5. (3.16)
i

The acceleration-dependent component of the geometry-relevant MEE dynamics is
then

2
p= R ar, (3.17)
w
: 1 L hsin L — kcos L
f=8 [sinLaR n (w+1)cosL + f o S0 oS CLN‘| | (3.18)
w w
1)sin L hcos L + ksin L
g=8 [_ cos Lagp -+ (w+1)sinL +g ap 4+ 11008 + ksin aN} | (3.19)
w w
. 82
h=3 <2w oS L) a, (3.20)
. 52
k=p <2w sin L) an. (3.21)

Numerical safeguards. For the near-circular regimes of interest, the expressions
above are generally well conditioned. Nevertheless, when w becomes small, the
element-rate coefficients can be artificially amplified. The implementation therefore
enforces a lower bound w > wy,;, in intermediate computations, or equivalently
attenuates the associated command when w approaches this limit. This does not
alter the conceptual guidance structure, but avoids rare numerical spikes that would
otherwise contaminate long rollouts.

3.4.4 Q-law-Inspired Local Descent Direction in RTN
The local first-order variation of the geometry potential is
Vy = VV, %mee = VV, 3 + VV,| Bueettrry. (3.22)
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Since the control affects V, through the second term, a natural local descent
direction in acceleration space is

Ay 2 — BV, (3.23)

mee

Intuitively, q, identifies the RT'N acceleration direction that most strongly decreases
the linearized geometry potential under a unit-norm acceleration constraint.
If ||qq|| > €4, the normalized geometry direction is defined as

A dg
q, = ) (3.24)
J ”‘10”

Otherwise, the geometry command is set to zero at that update. This avoids
amplifying numerical noise when the local sensitivity direction becomes too small
or poorly conditioned to be interpreted reliably.

3.4.5 Thrust Tapering and Predicted-Descent Consistency
Check

Driving the geometry channel at full authority at every update is unnecessary and
potentially undesirable near convergence. To regularize the command, the expert
introduces a smooth tapering law based on the scalar indicator egeom:

€geom
Tg = Sat[O,l]( £ ) ’ Gg.cmd = Amax T;; (325)

€quiet

where eguier determines the onset of progressive coasting and v > 1 shapes the
tapering profile. In this work, v = 2 is a representative choice. The resulting
geometry command is

ugeom = (g cmd G- (3.26)

A further robustness measure consists in evaluating the predicted linearized
contribution of the geometry command:

‘7g,pred - V‘/g—l—Bmee ué{eom' (327)
If V};,pred is not sufficiently negative within a prescribed tolerance, the command
can be attenuated or rejected for that update. This consistency check reduces the
risk of spurious thrusting in locally ill-conditioned configurations and improves the
regularity of expert rollouts used for dataset generation.
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3.4.6 Implementation Safeguards for Numerical Robustness

In addition to the analytical structure outlined above, practical execution requires
a small set of explicit numerical safeguards to ensure deterministic behavior over
large simulation campaigns. The adopted measures include:

« sensitivity conditioning: intermediate quantities such as w =1+ fcosL +
gsin L are lower-bounded to prevent coefficient amplification;

« direction reliability: if the norm of the descent direction falls below ¢4, the
geometry command is suppressed for that update;

o finite-value enforcement: non-finite intermediate computations trigger a
conservative fallback, typically a zero command, to prevent contamination of
long rollouts and stored datasets.

These mechanisms are not intended as operational fault-management logic. Their
purpose is narrower and specific to the thesis context: to guarantee that the expert
remains numerically stable, repeatable, and suitable for simulation-driven learning.

3.5 Phase-Correction Channel via Tangential Drift

3.5.1 Motivation: Geometry Closure Does Not Guarantee
Rendezvous Readiness

In far-range rendezvous, approaching the target orbital geometry does not automat-
ically imply readiness for handover. The chaser may evolve toward the correct orbit
family while remaining poorly phased, which translates into persistent along-track
separation or very slow residual closure. This issue becomes more pronounced in
low-thrust regimes, where the geometry channel naturally reduces its authority
near convergence because of tapering.

For this reason, the expert includes a dedicated phase-correction channel that
acts predominantly through tangential acceleration. The role of this channel is not
to replace geometry guidance, but to exploit mean-motion mismatch in a controlled
way once the dominant geometry discrepancies have been reduced. This sequencing
is important: at long horizon and low thrust, phasing is most effective when it
operates on top of an already aligned orbital geometry, rather than in competition
with large plane or shape corrections.

3.5.2 Phase Variable Definition and Filtering
The phase mismatch is represented using a mean-longitude-like variable,
A=Q+w+ M, (3.28)
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and the wrapped difference
AN = wrap, (A. — A\¢). (3.29)

Because osculating elements exhibit short-period oscillations, direct use of A\
can induce unnecessary switching in the phase command. The implementation
therefore employs a filtered estimate, denoted AM\,,, obtained through a low-pass
mechanism with time scale selected to suppress short-period fluctuations while
preserving the secular phase trend relevant to drift control.

3.5.3 Phase Activation Logic (Gating, Deadbands, Hystere-
sis)
The phase channel is activated only when the guidance is deemed geometry-ready.
A typical activation logic combines:
* a geometry gate: €goom < €gate;
 a plane-readiness condition: for instance vVA”? + Ak? < eplane;
» a phase deadband: phase actuation is disabled when |A\,,| < Agp;

» optional hysteresis: distinct on/off thresholds can be used to prevent rapid
toggling near the activation boundary.

This supervisory logic plays an important role in maintaining clean and inter-
pretable expert behavior. Without it, the phase channel could attempt to correct
residual timing mismatch while the geometry channel is still engaged in domi-
nant orbit-matching tasks, thereby reducing efficiency and increasing command
variability.

3.5.4 Tangential Drift through Temporary Semi-Major Axis
Offset

The phase channel is based on a simple physical principle: a temporary semi-major-
axis offset produces a mean-motion mismatch, which in turn generates secular
phase drift. Using the first-order relationship

i 3 Aa

[7, 12] a desired phase correction over a characteristic time 7T,pase can be translated
into a commanded semi-major-axis offset

2 AN,
Aacmd ~Sa

(3.31)

)
N Tphase
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with sign conventions consistent with the implementation.
To prevent excessive excursions from the target orbit family, the commanded
offset is bounded according to

|Aacmd‘

’Aacmd| S Aamax; S Ta,max- (332)

a

These limits preserve the interpretation of phasing as a temporary drift mechanism
rather than a redefinition of the geometry objective.

3.5.5 Conversion to Tangential Acceleration Command

Let
Qdes = Q¢ + Aacmda €q = Qdes — Q- (333)

The phase channel then acts as a servo on the semi-major-axis error e,. Under
near-circular assumptions, one may use the approximation

2a3/2
N

Imposing a first-order decay law é, ~ —e, /7, yields the raw tangential command

a ~

ar. (334)

Co VI (3.35)

QT raw ~— .
T, 2a3/?

This command is subsequently shaped and bounded as

QAT phase — Wphase WX Clamp<aT,raW7 _Aphase,max; Aphase,max) P (336)

where the weights encode readiness and phase-error scaling. The phase channel
acts only along the tangential direction, i.e.

0

ufhase = |47 phase | - (337)
0

3.6 Command Blending, Feasibility Enforcement,
and Guardrails

3.6.1 Hybrid Command Synthesis

The preliminary RTN command is obtained by summing the contributions of the
two channels:

R _ R R
Upaw = ugeom + uphase' (338)

41



Expert Guidance Law: A Q-law-Inspired Hybrid Strategy

This additive structure preserves interpretability, since the action associated with
geometry closure and the action associated with phase drift remain separable at the
diagnostic level. At the same time, the final command remains physically coupled
through the common thrust bound applied afterward.

3.6.2 Magnitude Saturation under Limited Thrust

The commanded acceleration must satisfy the available authority constraint
0| < s (). (3.39)

To enforce feasibility, a norm-based projection is applied:

raw’ ‘ | r&W ’ | < amax )
ut = R (3.40)
raw otherwise.

a1
raw

This projection preserves the direction of the requested command while guaranteeing
compatibility with the available thrust bound. It is also consistent with the
normalization later adopted for imitation-learning actions, which are expressed
relative to amax.

3.6.3 Optional Output Smoothing

To reduce chatter introduced by discrete-time execution, an optional first-order
smoothing can be applied to the final RTN command:

uf(ty) « (1—a)uf(ty) + auf(ty),  aec(01] (3.41)

This mechanism is not conceptually essential to the guidance law, but it can
improve the regularity of stored expert actions, especially in large dataset-generation
campaigns where excessive high-frequency variability is undesirable.

3.6.4 Guardrails and Overrides

A limited set of implementation-level guardrails is added to improve robustness in
rare edge cases:

« enable override: if guidance is disabled by a higher-level supervisor, impose
u? = 0;
R

« near-target hold: optionally enforce u"* = 0 within a strict handover
envelope to avoid unnecessary micro-actuation;

42



Expert Guidance Law: A Q-law-Inspired Hybrid Strategy

o altitude-floor protection: suppress inward radial thrust when approaching
a predefined minimum altitude.

These mechanisms are not intended to replace a complete operational fault-
protection system. Their role is more limited and consistent with the thesis
scope: to prevent rare but undesirable behaviors in long closed-loop simulations
used for expert validation and data generation.

3.7 Persistent Handover Detection and Terminal
Flag

The expert also evaluates whether far-range rendezvous has progressed sufficiently
to justify handover to a subsequent guidance layer, such as a proximity-operations
controller. Define

p(t) = llre—rell,  vraa(t) = [[ve = vel. (3.42)
A terminal envelope is introduced through the thresholds

1% S Ptol, Urel S Vtol - (343)

Because these inequalities may be satisfied only transiently in oscillatory regimes,
the expert adopts a persistence criterion: the terminal flag is asserted only if both
conditions remain valid over a continuous dwell interval T,e.ist. In practice, an in-
ternal timer or counter increments while the terminal conditions are satisfied, resets
when either condition is violated, and declares completion once the accumulated
dwell exceeds the prescribed persistence time.

This persistence-based logic prevents false positives caused by short-lived align-
ments and is consistent with the broader emphasis of the thesis on robust, repeatable
supervisory behavior.

43



Expert Guidance Law: A Q-law-Inspired Hybrid Strategy

Expert rollout diagnostics (repr ive run)
T T T

0 20 40 60 80 100 120

0 20 40 60 80 100 120
tih]

Figure 3.2: Representative expert rollout used to qualitatively validate the closed-
loop behavior of the hybrid guidance law. The relative range decreases over time,
the commanded acceleration remains bounded by the available authority amax(t),
and the stop flag is asserted only after persistent satisfaction of the terminal
conditions.

3.8 Algorithmic Summary

At each update instant ¢, the expert guidance law operates according to the
following sequence:

1. read the chaser and target inertial states together with the available accelera-
tion bound @yay(t);

2. construct the RTN frame and convert the states into MEE coordinates;
3. compute the geometry error vector e, and the scalar indicator egeom;

4. evaluate the geometry descent direction q, = —B,..VV, and normalize it
when reliable;

R

geom’

5. apply geometry tapering to obtain u optionally subject to a predicted-

descent consistency check;
6. compute the filtered phase metric A\, and evaluate phase-readiness logic;

R

7. if phase is enabled, compute Aacpqg, derive ar phase, and form U ase
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8. sum channel contributions, enforce the norm bound |[uff|| < @y, and option-
ally smooth the output;

9. apply guardrails and map the RTN command to inertial coordinates through
(3.8);

10. update persistence-based terminal logic and output al(t;) together with the
handover flag.

3.9 Tuning Philosophy and Practical Trade-Offs

The expert guidance law contains several tunable parameters: geometry weights W,
tapering thresholds, phase-gating thresholds, phase time constants, deadbands, sat-
uration caps, numerical safeguards, smoothing factor o, and persistence time Tpepsist -
These parameters are not interpreted as arbitrary fitting constants; rather, each
group plays a distinct functional role in shaping the balance between convergence
speed, smoothness, robustness, and repeatability.

The overall tuning philosophy adopted in this work prioritizes:

1. robustness and repeatability over aggressive local convergence;
2. smooth bounded commands over high-frequency switching;
3. physical interpretability over fully coupled black-box optimization.

This choice is consistent with the intended use of the expert as a demonstration
source for imitation learning, where brittle or overly discontinuous commands would
degrade dataset quality and complicate surrogate training.

Table 3.1 summarizes the main tuning groups and their qualitative effects.

3.10 Limitations of the Implemented Expert Law

Despite its practical strengths, the proposed expert has several limitations that
should be stated explicitly.

3.10.1 Local and Heuristic Nature of the Descent Logic

The geometry channel is based on a local sensitivity-derived descent direction
rather than on the solution of a global optimal-control problem. As a result, the
law does not guarantee minimum-time or minimum-propellant behavior, and its
performance can depend on the selected weights and supervisory thresholds.
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Table 3.1: Representative tuning parameters of the expert guidance law and
qualitative effects.

Symbol / group Role Qualitative effect / trade-off
W, = G Bal ize, sh lane closure;
ding (w,, Wy, wy, wh, we) gomgtry alances size, shape, and plane closure;

&\ Wp» Wi Wy priorities larger plane weights accelerate cross-track
alignment but may delay readiness for phase
correction.

€quiets Y Geometry Control the onset and steepness of thrust
tapering reduction near convergence; reduce chatter,

at the cost of potentially increasing
time-to-handover.

€gates Cplane Phase gating Enable phase correction only when geometry
is sufficiently closed; avoid inefficient early
phasing, but thresholds that are too strict
may delay final timing correction.

Adb Phase Suppress phase activity for small residual

deadband timing errors; improve regularity, but an
excessively large deadband may leave
residual along-track mismatch.

Tphaser Ta Phase Set the time scales for drift planning and

aggressiveness  semi-major-axis servo action; smaller values
accelerate phase correction but may increase
oscillatory behavior.

AGmax; Na,max Drift bounds Limit orbit excursion during phasing;
improve regularity and containment, at the
expense of reduced phase-correction
authority.

Aphase max Tangential cap Bounds the tangential contribution of the
phase channel; prevents over-actuation but
may slow residual phase closure.

«a Output Reduces discretization chatter in the final
smoothing command; excessive smoothing can degrade
responsiveness.
Thersist Handover Prevents false completion declarations due to
robustness transient threshold crossings; larger values
improve robustness but increase completion
latency.
€g> Wmin Numerical Prevent noise-driven thrusting and
safeguards ill-conditioned sensitivity spikes; overly

conservative values may under-actuate in
rare configurations.
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3.10.2 Approximate Phase Handling

The phase channel relies on first-order relationships among semi-major axis, mean
motion, and secular phase drift. This approximation is effective in the low-
eccentricity far-range regime considered in this thesis, but it may require retuning
or reformulation in strongly perturbed environments or in regimes where the
distinction between osculating and mean elements becomes more critical.

3.10.3 Task-Decoupling Assumptions

The hybrid architecture assumes that geometry and phase can be treated as partially
decoupled tasks. This is a useful engineering approximation, but not an exact one:
geometry and phase remain coupled through the nonlinear orbital dynamics, and
the quality of the gating logic directly affects terminal behavior.

3.10.4 No Global Optimality or Formal Stability Proof for
the Full Hybrid Supervisor

Although each component of the expert is physically motivated and the geometry
channel is locally descent-oriented, the full hybrid supervisor—including filtering,
gating, deadbands, smoothing, saturation, and guardrails—is not presented as
globally optimal or formally stable. Its value in the present thesis lies instead in
providing a robust, interpretable, and computationally reliable expert for simulation-
driven learning and benchmarking.

3.11 Why This Expert Is Suitable for Imitation
Learning

A central objective of this thesis is not only to design a workable expert, but to
design one whose behavior can be meaningfully imitated by a neural surrogate. In
this respect, the proposed hybrid guidance law is well suited to imitation learning
for several reasons:

o physical interpretability: the command can be decomposed into geometry-
driven and phase-driven contributions with distinct dynamical roles;

« bounded feasible outputs: the final acceleration is explicitly projected onto
the admissible set defined by apyax;

« repeatable behavior: deterministic logic, explicit gating, and numerical
safeguards reduce run-to-run variability;
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« meaningful sparsity: tapering and deadbands generate natural coasting
periods instead of noise-driven residual actions;

« diagnostic transparency: internal metrics and gate states can be logged
and used to interpret both expert failures and surrogate discrepancies.

These properties are valuable not because they make the expert universally
optimal, but because they produce supervision targets that are coherent, bounded,
and interpretable. This, in turn, improves both the quality of the demonstration
dataset and the interpretability of the surrogate-policy errors discussed in the later
comparison chapters.

3.12 Chapter Summary

This chapter introduced the expert guidance policy used throughout the thesis and
framed it as a Q-law-inspired hybrid strategy for low-thrust far-range rendezvous.
The proposed law combines:

1. a weighted geometry-closure channel in MEE space based on a local sensitivity-
derived descent direction;

2. a gated phase-correction channel based on tangential drift induced by tempo-
rary semi-major-axis offset;

3. feasibility enforcement, optional smoothing and guardrails, and persistence-
based handover detection.

The resulting expert is not claimed to be globally optimal, nor formally stable
as a complete hybrid supervisor. Its relevance within this thesis lies instead in
its robustness, physical interpretability, and suitability for large-scale simulation
campaigns and imitation-learning supervision. The next chapter builds on this
formulation to define the neural surrogate architecture and the learned policy
representation.
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Chapter 4

Neural Surrogate Policy
Architecture and Inference
Wrapper

This chapter presents the neural surrogate policy adopted to approximate the
expert guidance law introduced in Chapter 3. The surrogate is designed as a
drop-in command generator: it receives the same simulator states available to the
expert and returns a commanded acceleration to be applied to the chaser dynamics
in closed loop.

A central design choice of this thesis is that the surrogate is not treated as an
end-to-end autonomous controller. Instead, it is embedded within a model-based
simulation and guidance environment in which orbital propagation, frame transfor-
mations, thrust-to-acceleration scaling, and termination logic remain deterministic
and physically structured. The neural network is used exclusively to approximate
the expert’s command selection map. This separation is deliberate: it isolates the
learning problem to the policy component that is most difficult to hand-design while
preserving the interpretability and reproducibility of the surrounding guidance
infrastructure.

In the implemented pipeline:

« the network input is a fixed-dimensional history-stacked feature vector (55 x 1)
built from relative kinematics in the chaser RTN frame;

« the network output is a bounded, dimensionless RTN vector (3 x 1) generated
by a feed-forward MLP with tanh output;

e an inference-time wrapper converts the raw network output into a feasible
physical acceleration command through deadbanding, magnitude shaping,
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confidence-based attenuation, and frame remapping.

Dataset generation and training protocol are described in Chapter 5, while
closed-loop evaluation against the expert is reported in Chapter 6. The purpose of
the present chapter is narrower and more precise: to define the deployed surrogate
policy as an input/output contract, describe the network architecture used to
approximate that contract, and document the deterministic post-processing that
turns the network output into the command actually applied to the plant.

Policy definition (MLP + deterministic wrapper). Throughout this thesis,
the term neural surrogate policy refers to the complete deployed module that pro-
duces the applied acceleration command. It consists of: (i) a trainable multilayer
perceptron (MLP) that predicts a bounded, dimensionless RTN command vector,
and (ii) a deterministic inference-time wrapper that enforces feasibility and regu-
lates command magnitude under low-confidence conditions through deadbanding
and confidence attenuation (the so-called “airbag”). The wrapper introduces no
trainable parameters; however, it is part of the deployed controller and is there-
fore documented explicitly to ensure fair, reproducible, and physically meaningful
closed-loop evaluation.[1]

4.1 Surrogate Role and Interface Contract

The surrogate replaces the expert command generator inside the guidance loop
without modifying the surrounding simulation infrastructure. This permits a
controlled comparison in which performance differences can be attributed primarily
to policy approximation rather than to changes in orbital dynamics, integration
logic, or terminal evaluation.

At discrete update instants ¢, the surrogate receives the inertial states of chaser
and target,

(rg(tk)a V£<tk))7 (r1{<tk)7 Vz{(tk»? Hs (41)

where superscript I denotes inertial coordinates. In addition, the inference wrapper
receives the instantaneous available acceleration bound

amax(tk> = (42)

m(ty)’
together with an enable flag. The surrogate returns a commanded acceleration
aln(tr) € R?, (4.3)

plus auxiliary diagnostics used for analysis, such as internal command magnitude,
thrust fraction, and validity flags.
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For reproducibility and safe deployment, the surrogate is defined by a fixed
interface contract:

1. Input construction: a vector x; € R obtained by stacking a K = 5 history
of instantaneous feature vectors ¢, € R (Section 4.2);

2. Preprocessing: frozen standardization vectors (., o) estimated from the
training set, followed by component-wise clipping to [—8,8] (Section 4.3);

3. Network output semantics: a bounded vector y, € [—1,1]% representing a
dimensionless RTN command proposal (Sections 4.4 and 4.5);

4. Post-processing: deterministic deadbanding, confidence-based magnitude
attenuation, and scaling by apmax(tx) to obtain the applied RTN acceleration
(Section 4.5);

5. Frame mapping: RTN-to-inertial conversion through the chaser RTN frame
Crer(tr) (Section 4.2).

Any inconsistency in feature ordering, normalization vectors, or frame conven-
tions between training and deployment is typically catastrophic. For this reason,
these elements are treated not as ancillary implementation details but as part of
the surrogate-policy definition itself.

i wwor Feature Preprocess
state builder proce
(rf,vI) b € RU standardize
c) C
(r/,v{) stack K = 5 l(_'ufrvaz)
Gmaxy 1 x, € R clip [-8,8]

Command Wrapper MLP
apply deadband
R _ N . Yi € [ 1 1]
aNN = GmaxQkUg airbag/conf. (tanh output)
a{\IN =Cr RaﬁN magnitude oy

Figure 4.1: Inference pipeline of the deployed neural surrogate. The policy is
defined as an MLP combined with a deterministic wrapper: the MLP proposes
a bounded RTN command vector, while the wrapper regulates thrust magnitude
under low-confidence conditions, enforces feasibility, and maps the result to inertial
acceleration.
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4.2 Input Representation: History-Stacked RTN
Relative Features

4.2.1 RTN Frame Definition

All surrogate inputs are constructed in the local orbital RTN frame of the chaser.

This choice preserves physical interpretability, aligns the input representation with

the command semantics used by the expert, and reduces the burden on the network

to discover a meaningful directional decomposition from inertial coordinates alone.
At time tj, define the chaser RTN basis as

A I‘I(tk)
Ry = —S—, (4.4)
[[ed ()
< A A
N, = "3( k) X V§< o (4.5)
[ed(te) x vi(t)|
with inertial-to-RTN rotation
R/
Crer(ty) = TZ : (4.7)
Ny
The inverse mapping used at deployment is
4.2.2 Instantaneous Feature Vector ¢, € R!!
Let the inertial relative position and velocity be
Arp =1y (ty) —re(te),  Avip=vi(te) — velts). (4.9)
Their RTN components are computed as
AI‘kR = CR%I(tk) Aré, AVkR = OR%I(tk) AVé (410)
Define the scalar relative range and a closing-rate-like quantity:
pr = | ArE], (4.11)
Arf)TAvVE
. A (k)—k7 pk > 6,07
Pr = Pk (4.12)
07 Pk S Epy
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where ¢, is a small numerical safeguard.
In addition, define three chaser orbital-scale quantities,

ne2 el w2 VIl w2 [ (4.13)
k

where n,, is used as a compact mean-motion-like scale.
The instantancous feature vector is then

.
or 2 (AT (AVE)T o pe e v k] €RM (4.14)

The rationale behind this feature set is pragmatic. It includes the relative
translational state in physically meaningful RTN coordinates, together with a small
number of scalar orbital-scale quantities that help disambiguate the dynamical
regime. The resulting representation is compact enough for efficient feed-forward
inference, yet structured enough to preserve the main information required for
command prediction.

4.2.3 History Stacking and Warm-Up Validity

Rather than using a recurrent architecture, the surrogate provides short-term
temporal context to a feed-forward network through a fixed-length history stack.
In the implemented model,

K=5 dy=11, d,=Kd,=55 (4.15)

The stacked unnormalized input is defined as

-
Xp £ [¢; ¢g—1 ¢2—K+1} € R”, (4.16)

using a most-recent-first ordering. In the implementation, this vector is maintained
through a persistent shift-register buffer: at each update, older entries are shifted
and the newest feature vector ¢y is inserted at the top.

Because the buffer is initially empty, the surrogate exposes a validity flag,

1, k> K and guidance enabled,

} (4.17)
0, otherwise.

VathN(/{Z) = {

which indicates whether a full input history is available. This flag is later used by
the selector logic in Section 4.6 to prevent network activation before the temporal
window has been fully populated. In practice, a warm-up horizon of K — 1 steps is
sufficient.
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Table 4.1: Surrogate input dimensionality. The policy input is a fixed-size history
stack that provides short-term temporal context while preserving feed-forward
inference and simple deployment.

Quantity Value
Instantaneous feature dimension dg 11
History length K 5

Network input dimension d, = K dy 55

4.3 Input Normalization and Clipping

The stacked input x; combines heterogeneous physical quantities, including position,
velocity, range, and orbital-scale variables. Feeding these values directly into an
MLP would result in poor conditioning and unstable optimization. The surrogate
therefore applies element-wise standardization:

X1 (7) = ’W i=1,...55, (4.18)

where (p,, o) are computed from the training dataset and then frozen for deploy-
ment.

To prevent division by very small or non-finite values, the standard deviation is
safeguarded according to

0. (i) < max(04(i), Omin), (4.19)

with o > 0.
After standardization, the input is clipped component-wise:

clip : norm
X = Chp(xk y —Lmax, xmax) ) Tmax = 87 (420)

and x{'® is the actual vector fed to the network.

Clipping rationale. The clipping threshold z,,x = 8 is chosen as a conservative
bound: it is large enough to avoid distorting the bulk of the training distribution, yet
finite enough to prevent rare outliers from producing extreme internal activations.
In closed-loop operation, repeated activation of this clipping bound also serves as a
practical indicator of distribution shift, a point that becomes relevant when defining
the confidence-based attenuation mechanism introduced later in this chapter.
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4.4 Network Architecture

The surrogate policy is implemented as a feed-forward multilayer perceptron (MLP)

that maps the clipped input vector xzhp € R% to a three-dimensional RTN output:

yi = mo(x}, ") € R, (4.21)

The final model used in the closed-loop experiments adopts the following archi-
tecture:

e input dimension 55, with no internal normalization layer since normalization
is handled explicitly by (4.18)—(4.20);

two fully connected hidden layers of width 256;

layer normalization after each hidden affine transformation;

ReLLU activation after each layer normalization;

a final fully connected layer to 3 outputs followed by tanh.

[13, 14]
In compact notation,
21 = ReLU(LN(Wix{® + by ) ), (4.22)
Zy — RGLU(LN(Wgzl + b2)> s (423)
v = tanh(Ws3zy + bs) (4.24)

with y; € [—1,1]® component-wise.

The choice of a feed-forward MLP, rather than a recurrent or transformer-based
architecture, reflects the constraints of the deployment setting. The model must
remain lightweight, fast to evaluate, straightforward to embed in Simulink, and
fully compatible with deterministic preprocessing and code-generation-oriented
deployment. The history stack described in Section 4.2.3 provides limited temporal
context without sacrificing this simplicity.

Simulink deployment. The trained network is executed through a Deep Learn-
ing Predict block configured to load the model from a MAT-file. The surround-
ing logic-feature construction, normalization, clipping, wrapper operations, and
command remapping are implemented in code-generation-compatible MATLAB
Function blocks.
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4.5 QOutput Semantics and Inference-Time Post-
Processing

The raw network output yy is interpreted as a dimensionless RT'N command proposal.
It is not directly applied as physical acceleration. Instead, the final command is
produced by a deterministic wrapper that enforces feasibility, suppresses residual
micro-thrusting, and reduces thrust authority when the input appears poorly
represented by the training distribution.

A critical point is that component-wise boundedness, i.e. y; € [—1,1]%, does
not imply ||yx|| < 1. The deployed surrogate therefore separates direction and
magnitude: the network proposes an RTN direction, while the wrapper determines
how much of the currently available thrust authority should be used.

4.5.1 Component-Wise Safety Clamp

Although the network already employs a tanh output layer, the implementation
applies an explicit component-wise clamp,

yr(1) < clip(yx (i), —1,1), i€ {1,2,3}, (4.25)

to preserve boundedness in the presence of numerical anomalies and to simplify
deterministic deployment.

4.5.2 Magnitude Shaping with Deadband

Define the raw output norm
up, = ||yl (4.26)

Very small outputs are suppressed by a deadband:
if up < Ugeaq then ayy = 0, Udeaq = 0.05. (427)

This reduces chatter and prevents the plant from receiving persistent micro-thrusting
commands near zero.
For uj, > uqeaq, the commanded thrust fraction is defined as

ay 2 Clip(uk_udead, 0, 1) : (4.28)
— Udead
and the RTN direction is
T L (4.29)
U + Ey

with small ¢, > O.

This construction assigns the network two distinct roles: the orientation of yy
determines the commanded direction, while its norm determines a bounded thrust
fraction after deadbanding and scaling.
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4.5.3 Out-of-Distribution “Airbag” Attenuation

Because the normalized input is clipped at 8, strong activation of the clipping

boundary indicates that the current state may lie outside the bulk of the training

distribution. This condition is used as a conservative proxy for reduced confidence.
Define the saturation ratio

5 max; |z (i)
sp 2 — 7k 2L e 101),  Tmax = 8. (4.30)

‘rmax

A confidence factor is then computed as
cr = clip(1 — 0.8 8k, Cuin, 1), Cmin = 0.30, (4.31)
and applied to the thrust fraction:
ay < clip(ag c, 0, 1). (4.32)

Intuitively, when the surrogate operates near the clipping boundary (s = 1), the
applied thrust fraction is attenuated, down to a minimum of 30% of its unattenuated
value. This mechanism does not certify correctness; rather, it acts as a conservative
safeguard that reduces the aggressiveness of the surrogate in regions where the
learned mapping is more likely to be extrapolating.

4.5.4 RTN Physical Command and Inertial Mapping

Given the instantaneous acceleration bound amax(tx), the applied RTN acceleration
Is

aNy (tk) = Gmax(t) o O, (4.33)

which guarantees ||affy(tx)]] < @max(tr) by construction. The inertial command is
then obtained as

ain(te) = Crer(tr) aliy (). (4.34)

If guidance is disabled, or if ayay(tx) is non-finite or non-positive, the wrapper
returns

aly(ty) = 0. (4.35)

This final mapping completes the definition of the deployed policy: the MLP
predicts a bounded RTN command proposal, while the wrapper converts that
proposal into a feasible inertial acceleration command consistent with the thrust
authority available at each update.
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4.6 Closed-Loop Integration and Expert/INN Se-
lection

For controlled evaluation and debugging, the simulation computes both the expert
command ak(#,) and the neural command aly(#x) in parallel. A deterministic
selector then determines which one is actually applied to the plant.

Let validyn (k) denote the history-buffer validity flag, and let useNN_for_plant
be a run-time switch. The applied acceleration is

Acmd

I () = {aI{IN(tk), if useNN_for_plant = 1, validyn(k) =1, k > kwarm,
aL(ty), otherwise,

(4.36)
where Kyam 1S @ warm-up threshold, typically chosen as K — 1.

Warm-up validity due to history stacking. Because the network input stacks
a K = 5 history window, the input is not valid during the first K — 1 guidance
updates after activation. A deterministic warm-up phase is therefore enforced: until
the history buffer is fully populated, the plant is driven by the expert or another
safe fallback. Only after this transient does the NN command become eligible for
application. This avoids introducing an artificial activation discontinuity unrelated
to the learned mapping itself.

4.7 Implementation Notes and Practical Consid-
erations

4.7.1 Code-Generation Compatibility

All MATLAB Function blocks involved in feature construction and wrapper post-
processing are written to remain compatible with code generation (#codegen). This
includes explicit shape handling, guarded norms, and simple deterministic control
flow.

4.7.2 Logging and Diagnostics

The surrogate pipeline exposes internal diagnostics used for debugging and for the
interpretation of closed-loop behavior. In particular, the implementation logs:

. statistics of x}™ and x{®, useful to monitor clipping activity and possible

distribution shift;

o raw output norm wu; and thrust fraction ay;
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o the validity flag validyn(k);

o expert and NN command traces, enabling direction and magnitude comparisons
over time.

These signals are practically important because many closed-loop failures do not
originate from the network weights alone. In deployment, preprocessing mismatch,
invalid scaler vectors, history-stack inconsistencies, or persistent clipping can
degrade performance even when the trained MLP is otherwise well behaved.

4.8 Limitations and Expected Failure Modes

The surrogate policy inherits both approximation error and integration sensitivity.
The most relevant expected failure modes for the implemented architecture are the
following;:

o distribution shift: states outside the effective support of the dataset can
produce strong input clipping, which triggers airbag attenuation and may slow
or distort convergence;

e long-horizon accumulation: small systematic directional biases may com-
pound over long rendezvous durations, especially through tangential accelera-
tion effects;

» dependence on preprocessing correctness: feature ordering, scaler vec-
tors, and history stacking must match exactly between training and deployment;
mismatches are typically catastrophic;

o warm-up sensitivity: early transient behavior depends on history-buffer fill
and selector logic, so improper warm-up handling can introduce discontinuities
at surrogate activation.

These limitations motivate the evaluation methodology adopted in Chapter 6.
The surrogate is not assessed solely through one-step prediction error, but through
closed-loop trajectory behavior, terminal success statistics, and diagnostic indicators
that reveal whether the deployed policy remains within the regime represented by
the training data.[1]

4.9 Chapter Summary

This chapter defined the neural surrogate policy as a precise deployed module
composed of:
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1. a history-stacked RTN feature builder producing x; € R® from chaser and
target inertial states;

2. an explicit normalization and clipping pipeline producing xzhp;
3. a feed-forward MLP mapping x;"® to a bounded RTN output y;, € [—1,1]%;

4. a deterministic inference-time wrapper converting y; into a feasible inertial
acceleration command through deadbanding, magnitude shaping, confidence
attenuation, and RTN-to-inertial remapping;

5. a deterministic selector enabling controlled switching between expert and
surrogate during closed-loop simulations.

The main conceptual point is that the deployed controller is not the MLP alone,
but the full surrogate module obtained by combining the MLP with deterministic
wrapper logic. The next chapter builds on this deployed contract to describe
how the dataset artifacts, frozen scaler statistics, and deterministic data splits are
generated and curated consistently with the surrogate interface.
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Chapter 5

Dataset Generation

This chapter describes the dataset-generation pipeline used to train the neural
surrogate policy introduced in Chapter 4. The dataset is obtained by rolling out
the expert guidance law of Chapter 3 in the Simulink closed-loop environment,
logging state—action trajectories, and converting them into a chunked representation
suitable for reproducible training, validation, and regression testing.

For long-horizon low-thrust guidance, dataset construction is not a secondary
implementation step but a methodological component of the learning framework.
Small inconsistencies between offline dataset generation and online closed-loop
deployment can invalidate the learned policy even when the network architecture
and training procedure are otherwise correct. For this reason, the pipeline is
designed around two main principles:

« semantic consistency: feature construction, frame conventions, normaliza-
tion, and label definitions must be identical between offline data generation
and online inference;

o traceable artifact management: dataset chunks, scaler statistics, and
train/validation/test partitions must be stored in a deterministic and repro-
ducible form, enabling controlled retraining and reliable comparison across
experiments.

The present chapter therefore addresses not only how samples are generated, but
also how they are filtered, normalized, partitioned, and validated before training.
This is particularly important in the present application, where long-horizon closed-
loop behavior is sensitive to small directional errors that may be invisible in one-step
prediction metrics alone.
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5.1 Dataset Objective

The dataset is designed to approximate the expert command-generation map with a
neural surrogate operating inside the same guidance loop. Each supervised sample
has the form

(Xk, Yk); X € R55, Vi € RB, (51)

where:

e X is a fixed-dimensional, history-stacked feature vector constructed from
relative kinematics in the chaser RTN frame, as defined in Chapter 4;

ey is the expert commanded acceleration expressed in RTN coordinates and
normalized by the instantaneous acceleration authority amax(t) = T/m(t).

This formulation is chosen so that the supervised learning problem matches
the deployed surrogate-policy contract as closely as possible. In other words, the
network is trained to reproduce the same type of command that it will later be
required to generate online, under the same frame conventions and normalization
rules.

The resulting dataset supports two complementary types of evaluation:

e open-loop evaluation, in which the surrogate is compared to the expert on
expert-generated trajectories and therefore on approximately the same state
distribution;

o closed-loop evaluation, in which the surrogate is inserted online and induces
its own visited-state distribution, thereby exposing the effects of approximation
error, covariate shift, and error compounding over sequential decision steps.[15,
1]

This distinction is central to the thesis. Open-loop metrics quantify how well the
learned mapping reproduces the expert on demonstrated states, whereas closed-loop
metrics determine whether this approximation remains operationally meaningful
when rolled out over long guidance horizons. This separation is standard in
imitation learning, where a policy that performs well on expert-generated samples
may still fail after deployment because it progressively visits states that were weakly
represented in the original supervision dataset.[15, 1]

5.2 Statistical Planning: Hoeffding—Chernoff Bounds
for Monte Carlo Sizing

A practical question in dataset generation is the number of rollouts required to
estimate performance metrics with meaningful confidence. Consider a Bernoulli

62



Dataset Generation

success variable S € {0,1} defined at the rollout level, where S = 1 if the expert or
surrogate reaches the far-range handover condition within the simulation horizon.
Let p =P(S = 1) be the true success probability and let

p= ]17 Z S; (5.2)

=1

be its empirical estimate over N independent rollouts.
For bounded random variables, a Hoeffding-type inequality gives [16]

P(|p—pl > ¢) < 2exp(—2Ne?). (5.3)

Therefore, to guarantee
p—pl<e (5.4)

with confidence at least 1 — ¢, it is sufficient to choose

1 2

N> —1 () : 5.5

~ 2 "\ (5:5)

This bound is not used as a sharp optimal design rule, but as a practical sizing

guideline for Monte Carlo campaigns. In particular, it helps determine how many
rollouts are required to:

o estimate expert and surrogate success rates with controlled uncertainty;
o detect performance degradation after retraining or dataset aggregation;

« compare alternative dataset variants without relying on anecdotal single-run
evidence.

Similar reasoning can be applied to other bounded rollout-level metrics, such
as normalized thrust-on fraction or feature-saturation ratio, after appropriate
normalization to [0,1]. The key methodological point is that rollout count should be
justified quantitatively rather than chosen arbitrarily, especially when differences
between surrogate variants may be subtle at the one-step level but operationally
significant in closed loop.

Practical sizing adopted in this work. In this thesis, the Hoeffding-style
bound of (5.5) was not used as a strict optimal-design rule, but as a practical
guideline to select the order of magnitude of the Monte Carlo campaign. Based on
this rationale, the comparative rollout campaigns were sized to

N = 1000 (5.6)
63



Dataset Generation

independent simulations.

This choice was considered a reasonable compromise between statistical reso-
lution and computational cost. For example, by rearranging (5.5), a campaign
of N = 1000 rollouts implies that the empirical success rate p estimates the true
success probability p with an error on the order of a few percentage points. In
particular, the Hoeffding bound gives

1 2
| —1In(—=) ~0.04 .
F95% S\ 9N n<0.05> 0.043, (5:7)
and
~ 11<2>~0052 (5.8)
=9% S \on Moor) T ‘

Therefore, with 1000 runs, rollout-level success rates can be interpreted with a
conservative uncertainty of roughly +4-5 percentage points, depending on the
desired confidence level.

For the purposes of this thesis, this accuracy was judged sufficient to distinguish
practically meaningful differences between expert and surrogate closed-loop behav-
ior, while keeping simulation time compatible with iterative dataset generation,
retraining, and regression testing. The same order of magnitude was also considered
adequate for bounded secondary metrics evaluated at rollout level, provided that
they were normalized consistently.

5.3 Simulation Logging and Raw Signal Extrac-
tion

Dataset samples are extracted from Simulink closed-loop rollouts by logging a
compact set of input and output signals. The logging interface is intentionally kept
simple and robust so that data extraction remains stable across multiple simulation
batches and code versions.

Two main logs are stored:

o an inputs log, containing chaser and target inertial states together with
auxiliary physical scalars;

o an outputs log, containing the expert commanded acceleration and the
terminal stop flag.

A dedicated unpacking routine, implemented in unpack_io_vectors.m, re-
constructs the corresponding sample-wise arrays and enforces consistent signal
dimensions.
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Inputs. The inputs log contains at least the following columns:

vl vl el v ana tip mit) |, (5.9)

C C
namely: inertial position and velocity of chaser and target, instantaneous accelera-
tion authority amax(t), Julian-date tag used by the expert, and current mass.

Outputs. The outputs log contains at least:

I
[ a,,, stop ], (5.10)
where a/ is the expert inertial acceleration command and stop € {0,1} denotes
the persistence-based terminal flag.

Time alignment. The unpacking stage enforces a common sample length across
inputs, outputs, and time tags. This prevents silent time-index mismatches that
would otherwise corrupt feature/label pairing and compromise subsequent training.
In a long-horizon guidance dataset, even a one-step misalignment between states
and commands is effectively catastrophic, because it changes the meaning of the
supervised mapping being learned.

5.4 Feature Construction and History Stacking

To preserve semantic consistency between offline learning and online deployment,
the dataset uses exactly the same feature construction adopted by the deployed
surrogate in Chapter 4. This requirement is fundamental: if the offline feature
definition differs from the online inference contract, training and deployment
effectively target different functions.

At each sample time ¢, the chaser RTN frame is built from (rf,v), and the
relative inertial vectors are transformed as

AI'kR = ORel(tk) <I‘{ — I'g) s AVkR = CR<_[<tk) (Vl{ - Vg) . (511)

The instantaneous feature vector ¢, € R'! is then defined as

-
¢ké{(Ar,§')T (AVEYT pr pr TR nk} , (5.12)
where ( R)T n
Ar Av
— |IALE Yy =~k Tk 5.13
Pk H rsz> Pk HlaX(,Ok,&'p)’ ( )
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re= el =il o= ﬂ (5.14)
k

As discussed in Chapter 4, the instantaneous feature vector is not fed to the
network directly. Instead, a fixed history window of length K = 5 is stacked to
provide short-term temporal context:

.
X), = [qka Grq ¢2—K+1} € R”. (5.15)

Samples collected before the history buffer is fully populated correspond to a
warm-up phase and are either excluded or explicitly flagged as invalid. This mirrors
the deployment logic of the surrogate and ensures that training samples are drawn
from the same valid input regime used during online inference.

and

5.5 Label Definition and Normalization

The expert command is logged in inertial coordinates, whereas the neural surrogate
is trained to predict a normalized RTN command. The label-construction stage
therefore performs two operations: frame conversion and normalization by the
instantaneous available acceleration.

First, the expert inertial command is mapped to RTN:

ag(p(tk) = CR<—I(tk) aéxp(tk). (516)
Then the supervised label is defined as
aR (tk)
= —b 5.17
Yk amax(tk) ( )
where the safeguarded acceleration bound
Umax (tr) = max(amax (tx), €a) (5.18)

prevents division by degenerate values.

This normalization is important for two reasons. First, it makes the target largely
independent of slow variations in vehicle mass. Second, it aligns the label semantics
with the deployed surrogate, whose output is interpreted as a dimensionless RTN
command later rescaled by the current thrust authority.

Thrust-on mask. For several stages of training and analysis, it is useful to
distinguish active-thrust samples from coasting phases. A thrust-on indicator is
defined as

thr_on(k) = (||lyell > cwme) (5.19)

with small threshold ey,,.
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Direction-only vs. direction+magnitude targets. The stored labels yy
encode both command direction and magnitude fraction. However, some training
configurations emphasize direction more explicitly by mapping thrust-on targets to
unit vectors:

(5.20)

~_ Jye/llyell, thr_on(k) =1,
Yiedi = 0, thr_on(k) =0,
and then optimizing a cosine-based loss. This option is motivated by the closed-loop
behavior observed later in the thesis: over long horizons, directional bias can be
more destabilizing than moderate magnitude mismatch, especially in the tangential
channel where small persistent errors accumulate over time.

5.6 Choice of Dataset Parameters and Variation
Strategy

A dataset built from a single nominal trajectory would be insufficient for the
present problem. The surrogate must instead learn a command map that remains
meaningful across a range of initial geometries and convergence conditions. For this
reason, the dataset is generated from multiple independent rollouts under dispersed
initial conditions and parameter variations.

The variation strategy is designed to cover:

o different initial relative geometry and phasing conditions;

o different difficulty levels, including mixed plane, shape, and along-track mis-
match;

o variability in thrust-to-mass ratio through the time evolution of m(¢) and
therefore of apyay(t).

Each rollout is assigned a simulation identifier and treated as a coherent
trajectory-level unit. This is important because neighboring samples within a
rollout are strongly correlated; therefore, dataset partitioning should ideally be
performed at the rollout level rather than at the individual-sample level. Such a
design reduces information leakage between training and validation subsets and
yields a more honest estimate of generalization.

When chunking is performed through file-level partitioning, rollout order is ran-
domized using a fixed random seed so that dataset composition remains repeatable
across retraining runs.
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Final campaign adopted in this thesis. In the final dataset campaign used
in this work, the variation strategy was instantiated through a Monte Carlo set of
N = 1000 independent expert rollouts. The initial conditions were dispersed around
the nominal far-range rendezvous scenario so as to cover different combinations of
relative geometry mismatch and phase offset, including both near-nominal cases
and more demanding mixed-correction trajectories. Additional variability was
naturally introduced through the evolution of the spacecraft mass and therefore
of the available acceleration bound an,.x(t). The objective of this campaign was
not to sample the orbital state space uniformly, which would be impractical, but
to populate the subset of states most relevant to the expert-guided rendezvous
problem considered in this thesis.

5.7 Artifact and Variable Management: Chunked
Storage, Frozen Scalers, and Deterministic
Splits

Large-scale simulation campaigns can easily produce millions of samples, making
a monolithic dataset impractical to store, inspect, and update. The dataset is
therefore stored in a chunked format, where each chunk contains a subset of samples
extracted from one or more rollouts:

chunk_#ID.mat: {X., Y.} (5.21)

Here X, contains stacked inputs and Y, contains corresponding labels, with
robust shape handling during training to accommodate either row-major or column-
major storage.

Chunking serves several purposes:

e it avoids costly monolithic merges;

« it simplifies incremental dataset extension, for instance during DAgger-style
aggregation [1];

« it enables traceable bookkeeping at the file level,

e it supports deterministic train/validation/test splits without requiring full
in-memory reconstruction of the dataset.

Rollout-level partitioning. In this work, train/validation/test partitioning is
performed at the rollout level rather than at the individual-sample level. This
prevents temporally adjacent samples from the same trajectory from leaking across
subsets and therefore yields a more realistic estimate of generalization performance.
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Scaler artifact. The input scaler is stored separately as a single authoritative
artifact containing

w, € R% o, € R%, (5.22)
denoted in the implementation as muXv and sdXv. These statistics are computed
using the training subset only and are then frozen for all validation, testing, and
closed-loop inference.

This distinction is methodologically important. The scaler is not merely a
convenience for optimization; it is part of the deployed policy contract. Recomputing
it on different subsets would alter the effective meaning of the network input and
break comparability across experiments.

5.8 Filtering, Balancing, and Robustification

Before training, the raw logged samples are filtered and processed to remove invalid
data and reduce undesirable imbalance effects.
The main quality-control operations include:

 removal of non-finite samples (NaN/Inf) in features or labels;
 rejection or masking of warm-up samples collected before history completion;

« optional rejection of samples associated with clearly unphysical simulator
states or failed propagation;

« optional removal of post-stop samples, depending on the intended training
configuration.

Input normalization and clipping. FEach feature vector is standardized and
clipped according to the same rule used at deployment:

X (i) — pa(2)
max (0, (1), Omin)’

Xnorm(i) = Xclip = Chp(xnormu —8, +8) (523)

This step is important not only for optimization stability, but also for semantic
alignment with the inference wrapper of Chapter 4. In effect, the network is trained
on the same clipped input domain that it will encounter online.

Thrust-on emphasis. Long-horizon rendezvous trajectories often contain ex-
tended coasting phases. If all samples are weighted uniformly, such phases can
dominate the dataset and bias the learning problem toward predicting near-zero
outputs. A practical mitigation is to emphasize thrust-on samples in the loss
function, for example by assigning larger weights when thr on(k) = 1. This
does not change the dataset itself, but it changes how the dataset is used during
optimization and helps preserve directional fidelity in the command-active regime.
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Robustification rationale. These filtering and balancing steps should not be
interpreted as arbitrary cosmetic cleanup. In the present problem, the surrogate
is highly sensitive to rare semantic inconsistencies and to imbalance between
command-active and coast-dominated regimes. Robustification therefore improves
not only numerical conditioning, but also the operational relevance of the learned

mapping.

5.9 Stop Criteria and Simulation Termination

Each rollout terminates either when the expert guidance asserts the far-range stop
flag or when a maximum simulation horizon is reached. The expert stop logic is
persistence-based, as described in Chapter 3, so transient threshold crossings are
not misclassified as successful completion.

For dataset quality and reproducibility, the stop condition is logged at each
update. This enables several consistent policies during dataset assembly:

» samples collected after stop may be discarded, preventing near-zero terminal
dynamics from dominating the dataset;

o failed rollouts, such as timeouts or simulator exceptions, may be retained and
flagged, since they often contain informative difficult states;

« rollout-level success statistics can be computed consistently across expert and
surrogate experiments.

This termination handling is particularly relevant for long-horizon guidance
learning. If post-stop data were retained indiscriminately, the dataset would become
increasingly dominated by trivial near-equilibrium samples, which would distort
both training and evaluation.

5.10 Dataset Validation

Before training, the assembled dataset is subjected to deterministic sanity checks
intended to detect silent pipeline failures. These checks include:

o shape and finiteness checks: verify that X, and Y. have the expected
dimensions and remove non-finite rows;

o feature-distribution checks: inspect histograms and clipping statistics of
Xip to detect severe out-of-distribution behavior or preprocessing anomalies;

 label-statistics checks: inspect the distribution of ||y|| and the thrust-
on fraction, and verify that target semantics match the intended training
objective;
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o frame and time-consistency checks: verify, through spot checks, that
RTN conversion and time alignment reconstruct the expert command correctly
from the stored logs.

These checks are critical in practice. In a pipeline with multiple scripts, generated
artifacts, and evolving Simulink models, silent data corruption is more likely to arise
from preprocessing mismatches or logging inconsistencies than from the learning
algorithm itself. Deterministic validation therefore plays the role of a lightweight
but essential integrity layer before training is launched.

5.11 Chapter Summary

This chapter presented the dataset-generation pipeline used to train the neural
surrogate policy. The main elements of the pipeline are:

1. rollout generation in the Simulink closed-loop environment using the expert
guidance law;

2. extraction of consistent state—action logs from compact simulator signals;

3. construction of history-stacked RTN features and normalized RTN command
labels consistent with the deployed surrogate contract;

4. storage of the dataset in chunked artifacts together with frozen scaler statistics
and deterministic split logic;

5. filtering, balancing, and validation procedures designed to improve robustness,
prevent leakage, and preserve semantic consistency between training and
deployment.

The key methodological point is that dataset generation is not treated as a
passive by-product of simulation, but as a controlled and reproducible process that
defines the learning problem seen by the surrogate. The next chapter uses these
artifacts to describe the training procedure and the resulting comparison between
expert and neural policy in open-loop and closed-loop operation.
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Chapter 6

Expert Guidance vs Neural
Surrogate: Results and
Iterative Development

This chapter compares the model-based expert guidance law of Chapter 3 against
the neural surrogate policy defined in Chapters 4 and 5. The comparison is carried
out at two complementary levels. First, the surrogate is evaluated at the action
level, by comparing its commanded acceleration against the expert command on
the same state. Second, it is evaluated at the trajectory level, by assessing whether
the closed-loop rollout remains stable and reaches the far-range handover condition
under the state distribution induced by the surrogate itself.

The central claim of this chapter is that, for long-horizon low-thrust rendezvous,
acceptable open-loop imitation is a necessary but not sufficient condition for
reliable closed-loop guidance. The relevant failure mechanism is not only one-
step approximation error, but the mismatch between the state distribution used
during supervised training and the state distribution later induced by the deployed
surrogate policy [15, 1]. For this reason, the chapter does not only report a final
comparison: it also reconstructs the iterative development path that led from the
first semantically consistent behavioral-cloning baseline to the strongest deployed
surrogate configuration obtained in this thesis, and finally to the last semantic rerun
performed to clarify the interpretation of the later post-aggregation degradation.
Detailed numerical breakdowns, dataset audits, and iteration-by-iteration artifacts
are not reported in full in the main text. The emphasis here is instead placed
on the ranking of the main development stages, on the technical structure of the
comparison, and on the distinction between the best operational configuration
achieved in closed loop and the final semantic rerun, whose main value lies in
clarifying and correcting the retraining problem.
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6.1 Comparison Goals and Experimental Proto-
col

Let s; denote the physical simulator state at guidance update k, and let
Xy = Pr(Sp—kt15---Sk) (6.1)

be the history-stacked surrogate feature vector introduced in Chapter 4, with K = 5.
Let the expert policy be denoted by

T sk — ak(k), (6.2)

where af(k) € R? is the commanded acceleration in the chaser RTN frame.

The learned surrogate is not used in deployment as a bare regressor. Rather,
the deployed policy is the composition

Tog=WompoP, (6.3)
where:

« P denotes deterministic preprocessing (history stacking, normalization, clip-
ping);

e my denotes the trained neural network;

o W denotes the deterministic inference-time wrapper that maps the raw network
output to the applied physical command.

This distinction is essential for interpretation. The object compared against the
expert in closed loop is not only the neural network weights 0, but the full deployed
module 7.

6.1.1 Open-Loop Evaluation

In open-loop evaluation, the surrogate is queried on feature vectors logged from
expert rollouts, and its predicted command is compared against the expert command
computed on the same state sequence. Formally, the comparison is performed on
samples drawn from the expert-induced state distribution

S~ d™?. (64)
The open-loop surrogate output is therefore evaluated as
aﬁN(k;) = ﬁg(sk), S~ d"E. (65)

This regime is fundamentally an interpolation test on the demonstrated manifold.
It is appropriate for checking semantic consistency across:
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feature construction in the chaser RTN frame,

history stacking and temporal ordering,

frozen normalization statistics,

output interpretation after export and deployment.

However, open-loop agreement does not directly establish whether the surrogate
can preserve the trajectory near the expert manifold once it becomes the command
generator itself.

6.1.2 Closed-Loop Evaluation

In closed-loop evaluation, the applied command is produced online by the deployed
surrogate policy. The simulator evolves according to

Sk+1 = F(Sk, ﬁ'@(Sk)) s (66)
so that the visited-state distribution becomes
S~ dﬁg. (67)

This distinction is the technical core of the problem. Even if 7y(s) ~ mg(s) on
d™2, the rollout generated by 7y may progressively move toward regions of the
state space that were weakly represented during training. Once this occurs, the
approximation error is no longer evaluated on the same distribution on which the
supervised loss was minimized.

For fair action-level comparison under this setting, the expert command is still
recomputed on the surrogate-visited states. That is, along a closed-loop surrogate
rollout, both

alx(k) = To(se),  ag(k) = mp(st) (6.8)

are evaluated on the same s;, ~ d™. This makes it possible to distinguish rollout
failure from mere differences in the visited trajectory.

Because the surrogate input is history-stacked, a short deterministic warm-up
phase is enforced before the neural command is allowed to drive the plant. During
this phase, the plant is driven by the expert or by a safe fallback consistent with
the deployment logic described in Chapter 4. After warm-up, the active command
generator is switched to 7y.
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6.1.3 Supervised Training Objective and Distribution Shift

The behavioral-cloning stage optimizes the surrogate on samples drawn from the
expert distribution. Abstractly, the supervised objective can be written as

0* = arg mgin Esware [((7o(s), mE(8))] , (6.9)

where £(-, ) denotes a suitable action-level loss.

Equation (6.9) clarifies the limitation of pure behavioral cloning in sequential
guidance. The objective is minimized on d™#, whereas deployment occurs under
d™. The relevant issue is therefore not only the magnitude of £ on the training
distribution, but the discrepancy between the expert-induced and learner-induced
state distributions, which in sequential decision problems can lead to compounding
error over the rollout horizon [15, 1]:

4™ + dr=. (6.10)

6.1.4 Comparison Metrics

At action level, the main quantity of interest is directional agreement between expert
and surrogate. Let afi(k) and afy (k) denote the expert and deployed-surrogate
commands in the chaser RTN frame. Directional agreement is quantified through
cosine similarity: .
R R
cos(k) £ RaE<k) ENN(M . (6.11)
laz (k)| llanx (F)[| + &

Magnitude behavior is characterized through the norms
mp(k) £ [ag®)],  man(k) £ [ags (B, (6.12)

and, when useful for interpretation, through the ratio

mNN(k)

rm(k) £ mp(k) +em

(6.13)

At trajectory level, the relevant object is the rollout outcome. Let H denote the
far-range handover set, and let

o {1, Jdk < K,ax such that s,(f) € H, (6.14)

0, otherwise,

be the success indicator of rollout . The empirical success rate over a campaign of
N rollouts is

1 N
Asucc = X7 i 1
P N ;S (6.15)
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In addition to success, the analysis tracks time-to-handover for successful rollouts
and the qualitative class of failure for unsuccessful ones. This is necessary because
two surrogates with similar one-step action metrics may still induce very different
closed-loop regimes.

6.2 Iterative Development of the Surrogate

The final picture reported in this thesis did not emerge from a single training cycle.
Rather, it was obtained through a sequence of iterations whose purpose was to
identify which component of the pipeline was responsible for the observed gap
between open-loop plausibility and closed-loop reliability.

This iterative development is technically relevant because it shows that the
difficulty of the problem is not reducible to offline regression accuracy. What had
to be aligned was the full chain

dataset semantics
J
training target
U
exported artifact (6.16)

4

deployed command interpretation

4

closed-loop behavior

A mismatch at any point of the chain can make the learned policy appear worse
than it actually is, or apparently acceptable in open loop while still failing in closed
loop.

Table 6.1 summarizes the development path at the level of technical intent and
observed regime. The following subsections formalize the role of each stage more
precisely.

6.2.1 Frame-Consistent Behavioral-Cloning Baseline

The first meaningful baseline was obtained only after enforcing semantic consistency
between offline dataset generation and deployed inference. This step required
alignment of:

o feature construction in the chaser RTN frame,

« history stacking and temporal ordering,
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Table 6.1: Traceability summary of the main surrogate-development iterations
discussed in this chapter. The table highlights the distinction between the strongest
deployed configuration obtained in the thesis and the final semantic rerun, whose
main contribution was to clarify the retraining problem rather than to establish a
superior closed-loop rendezvous policy.

Iter.

Stage

Technical intervention

Targeted issue

Observed outcome /
interpretation

Frame-consistent BC
baseline

First aggregation stage

Deployment regulariza-
tion of the aggregated
policy

Later post-constraint
aggregation attempts

Final corrected seman-
tic rerun

Consolidation of feature-
frame, label-frame, normal-
ization, and deployed out-
put semantics.

Initial DAgger-style rela-
beling on surrogate-visited
states and retraining on ag-
gregated chunks.

Deterministic input clamp,
constrained output han-
dling, deadband, and
confidence-based  airbag
attenuation in the inference
wrapper.

Additional aggregation and
retraining on rollouts gen-
erated by the already con-
strained policy.

Rebuilt full-contract base
dataset, regenerated cor-
rected aggregated chunks,
enforced explicit direction-
plus-magnitude target
semantics, and retrained
on a semantically uniform
merged corpus.

Remove trivial semantic
inconsistency and obtain
a meaningful supervised
baseline.

Reduce mismatch be-
tween d™F and d™.

Bound extrapolation and
regularize the improved
policy in closed loop.

Test whether further ag-
gregation could improve
the stabilized aggregated
surrogate.

Remove residual ambi-
guity due to inconsis-
tent target contract in
later post-constraint re-
training.

Open-loop interpolation
became meaningful, but
closed-loop reliability re-
mained insufficient due
to policy-induced distri-
bution shift.
Meaningful  improve-
ment over the pure
frame-consistent
behavioral-cloning
baseline. Aggregation
was therefore beneficial
at this stage.

Best operational closed-
loop result of the the-
sis. The surrogate re-
mained only moderately
aligned with the expert
and conservative in mag-
nitude, but reached the
strongest bounded and
interpretable operating
regime of the study.

Did not robustly super-
sede the previous best
configuration. Some
runs degraded, but inter-
pretation became sensi-
tive to target semantics,
artifact integrity, and re-
training consistency.

Learning-side metrics
improved markedly, con-
firming that semantic
contamination had been
a major confounder.
However, no conclu-
sive closed-loop gain
beyond the earlier best
deployed configuration
was established.
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 frozen input normalization,
« output interpretation as normalized RTN command.

Only after this alignment did the behavioral-cloning baseline become inter-
pretable as a valid approximation of the expert policy. In open loop, the surrogate
then behaved as a meaningful interpolant on the expert-generated manifold. This
established that the supervised mapping itself was not degenerate.

However, once the surrogate was inserted in closed loop, the rollout still de-
graded. This observation is technically important because it separates two different
explanations:

1. a semantic inconsistency explanation, in which the network fails because the
deployed policy is not the policy that was actually trained;

2. a distribution-shift explanation, in which the trained mapping is locally mean-
ingful on d™® but cannot preserve the trajectory near that distribution once
deployed.

The observed behavior after semantic consolidation supported the second explana-
tion as the dominant one.

6.2.2 First Aggregation Stage

Once distribution shift had been identified as the dominant mechanism, the natural
next step was dataset aggregation. At an abstract level, the corresponding update
can be described as

Djy1 =D U{(s,mx(s)) : s ~d™}, (6.17)

followed by retraining on the aggregated dataset.

The logic of (6.17) is straightforward: if the surrogate is later evaluated on
states drawn from d™, then the training set should be expanded to include expert
labels on that same distribution. Conceptually, this was the correct corrective
direction to test.

In practice, the first aggregation stage produced a meaningful improvement over
the pure frame-consistent behavioral-cloning baseline. This point is important for
the interpretation of the whole thesis. The development history does not support a
blanket conclusion that aggregation was ineffective from the outset; on the contrary,
the first aggregated retraining stage yielded a surrogate that behaved better than
the original baseline and therefore confirmed that bringing expert labels closer to
the learner-induced distribution could be beneficial.
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At the same time, this early improvement did not by itself solve the closed-
loop reliability problem. The aggregated surrogate remained sensitive to out-of-
distribution excursions and still required explicit deployment-side regularization
before it could become a robustly interpretable controller.

6.2.3 Deployment Regularization of the Aggregated Policy

After the first aggregation stage had improved the baseline, the development priority
shifted to making that improved policy safer and more stable in deployment. The
objective was not to change the training target further, but to regularize the way
in which the learned command was applied online.

The first measure was deterministic input clamping. Let

Xnorm = (sz - IJ/X) Qox (618)

denote the feature vector standardized with frozen training-set statistics, where @
denotes component-wise division. The deployed network input is then

Xclip = Chp(xnorma _87 +8) . (619)

This limits the effect of rare outliers and bounds the effective operating range of
the regressor when queried on poorly represented states.
Let yi = mo(Xeip) € [—1,1]> denote the raw network output. Define

N Y&
" _ , 6.20
up = ||yl Y e + (6.20)

The deployed command is not applied directly from yj;. Instead, the wrapper

constructs
all\?N(k) = amax(k) (07> ﬁkza (621)

where a4, € [0,1] is a deterministic thrust fraction produced after constrained output
handling, deadbanding, magnitude mapping, and confidence-based attenuation.
In compact operator form, the deployed command law is

alj\I%N(k) = W(Xclipa Y, amax(k)) . (622)

The purpose of (6.19)—(6.22) is not to improve training loss. Their role is to
regularize deployment. In practice, these measures changed the dominant regime
from fragile closed-loop behavior to a much more stable and interpretable rollout
class. Within the development sequence reconstructed here, this stage produced
the best operational result of the thesis: the surrogate was no longer merely a
promising learned regressor, but a bounded deployed controller that could be
compared meaningfully against the expert in closed loop.
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6.2.4 Post-Constraint Aggregation Attempts

Once the constrained aggregated policy had become the best available deployed
configuration, aggregation was revisited. This chronology is important. The later
retraining attempts were not applied to the original unstable behavioral-cloning
baseline, but to a policy that had already been improved by the first aggregation
stage and then regularized through deployment-side safety measures.

These post-constraint aggregation attempts were conceptually well motivated:
if the constrained policy now generated cleaner rollouts, then the corresponding
visited-state distribution might yield more meaningful relabeling and better ag-
gregated retraining. In other words, the goal was to test whether a more stable
deployed policy could bootstrap a better second generation of aggregation data.

In practice, these later aggregation attempts did not robustly supersede the
previous best configuration. Some runs degraded, others failed to produce a
clear gain, and the interpretation of the results became increasingly sensitive to
target semantics, artifact integrity, and the exact contract used by the aggregated
labels. This is the stage at which the main ambiguity of the final part of the
campaign emerged: the observed degradation could not be attributed uniquely to
the intrinsic limitation of further aggregation, because the semantic integrity of
the post-constraint aggregated targets was not yet guaranteed.

6.2.5 Final Corrected Semantic Rerun

The final experimental campaign was designed to answer a precise question: whether
the degradation observed in the later post-constraint aggregation attempts should
be interpreted as a genuine limitation of those further retraining steps, or whether
it had been confounded by a semantic inconsistency in the target contract of the
aggregated chunks and in the merged retraining corpus.

To remove this ambiguity, the final rerun imposed an explicit full-contract target
semantics of the form

Y = G mag frac, (6.23)

where G is the unit expert command direction in the chaser RTN frame and

mag_frac € [0,1] is the expert command magnitude fraction relative to the available
acceleration authority. Under this contract,

IY|l2 = mag_ frac. (6.24)
The final rerun therefore involved three coupled steps:

1. correction of the aggregation-chunk builder so that the new DAgger chunks
explicitly respected the full-contract target definition;
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2. rebuilding of the base dataset under the same full-contract semantics, rather
than merging corrected aggregated chunks with a semantically heterogeneous
legacy base corpus;

3. retraining on the resulting semantically uniform merged dataset.

This step is central to the interpretation of the final results. The later post-
constraint degradation could not be treated as a definitive verdict against further
aggregation until the target contract itself had been made explicit, uniform, and
auditable. The final rerun closed that ambiguity. Its importance, however, lies
primarily in clarifying the semantic correctness of the retraining problem. It does
not replace the earlier best operational configuration as the main deployed result
of the thesis.

6.3 Open-Loop Results

The open-loop experiments confirm that, once semantic consistency is enforced,
the surrogate behaves as a meaningful approximation of the expert command on
expert-generated trajectories. In formal terms, the deployed module 7y acts as a
nontrivial interpolant on samples drawn from d"®.

This conclusion is important, but it must be interpreted correctly. Open-
loop agreement is not the final objective of the chapter; rather, it is a validity
check showing that the learned mapping is technically meaningful once feature
construction, temporal ordering, normalization, and output interpretation are
aligned. In this sense, the open-loop campaign establishes that the surrogate is not
failing for trivial semantic reasons.

Representative diagnostics retained for the strongest deployed configuration
show moderate but clearly non-degenerate action agreement on expert-generated
trajectories. For thrust-active samples, the open-loop cosine similarity is ~ 0.331
in mean and ~ 0.510 in median, while the magnitude ratio ||af|/(||aZ|| + &)
is &~ 0.67 in mean and ~ 0.43 in median. These values do not indicate expert-
equivalent action matching, but they do confirm that the surrogate learned a
meaningful command map on the expert manifold. In the same retained diagnostic
run, the clipped normalized inputs remain well inside the clamp boundaries, with

xnorm’clip € [_18617 1681]7

which is consistent with interpolation rather than strong extrapolation.
Directional agreement remains the most informative action-level indicator. In
long-horizon low-thrust guidance, moderate magnitude mismatch can often be
interpreted as a difference in aggressiveness, whereas persistent directional bias
alters the secular evolution of the trajectory and therefore has a much stronger
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effect on the subsequent state distribution. For this reason, the main open-loop
role of the surrogate is not to reproduce every command exactly, but to remain
directionally coherent and physically bounded on the expert manifold.

Across the development path reconstructed here, the open-loop interpretation
remains consistent: semantic consolidation is necessary to obtain a meaningful policy
approximation, aggregation can improve that approximation, and the final semantic
rerun confirms that the full-contract target can be learned much more coherently
once the dataset is made semantically uniform. None of these observations, however,
is sufficient on its own to establish reliable closed-loop guidance.

6.4 Closed-Loop Results

The closed-loop analysis remains the decisive part of the comparison, because the
central limitation of the surrogate emerges only when the visited-state distribution
becomes policy-induced. Even a much better supervised fit can remain insufficient
if the surrogate still accumulates directional error under propagation.

The development sequence reported in this thesis supports a more nuanced
conclusion than a simple “aggregation works” or “aggregation fails” verdict. The
first aggregation stage did improve the original frame-consistent behavioral-cloning
baseline. Moreover, the best operational result of the entire study was obtained when
that improved policy was combined with deterministic deployment regularization,
including clamp, constrained output handling, deadband, and airbag attenuation.
This combined configuration yielded the most stable and interpretable closed-loop
regime reached in the project.

Representative diagnostics for that best deployed configuration are reported
in Table 6.2. The table does not claim to summarize a fully homogeneous Monte
Carlo campaign; rather, it reports two retained closed-loop rollout diagnostics that
were considered representative of the strongest operational regime achieved in the
thesis.

These diagnostics show a consistent pattern. First, the surrogate remains
directionally aligned with the expert in closed loop, but only at a moderate level:
the mean thrust-direction cosine is 0.329 and 0.340 in the two retained runs,
while the median is 0.397 and 0.475. Second, the applied command magnitude is
systematically conservative with respect to the expert, with mean magnitude ratios
of 0.41 and 0.31, and median ratios of 0.45 and 0.30. This is fully consistent with
the interpretation of the best deployed configuration as a bounded and operationally
usable controller, but not an expert-equivalent one.

The additional diagnostics are also informative. In both retained closed-loop
runs, the applied command remains almost perfectly aligned with the raw neural
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Table 6.2: Representative diagnostics for the best deployed surrogate configuration
obtained in this work, corresponding to the first aggregation stage combined with
deterministic deployment regularization. Closed-loop values are computed on
surrogate-visited states and thrust-active samples.

Metric Case 1 Case 2
Closed-loop mean cosine (thrust) 0.329  0.340
Closed-loop median cosine (thrust) 0.397  0.475
Closed-loop mean magnitude ratio 0.41 0.31

Closed-loop median magnitude ratio  0.45 0.30

command, with
Cos(aapplied7 aNN) ~ 1a

which indicates that the wrapper is not materially rotating the neural command
direction. Its role is instead to regularize the command magnitude and to bound
the controller near extrapolative regions. At the same time, the normalized inputs
do reach the clamp boundaries in closed loop,

xnorm,clip S [_87 8}7

whereas the unclipped normalized state reaches much larger excursions. This
confirms that the best deployed regime is already operating in a distribution-shifted
setting and that deterministic regularization is an integral part of the result.

The role of this result is important. It shows that the most effective progress
of the study did not come from supervised training alone, nor from deployment
constraints alone, but from their combination: a first aggregation stage that
improved the original baseline, followed by deterministic deployment regularization
that made the improved policy usable in closed loop.

Later post-constraint aggregation attempts did not robustly improve upon
that best configuration. Some of those runs degraded, but their interpretation
was initially ambiguous because the aggregated target contract was not yet fully
controlled. The final semantic rerun was introduced precisely to resolve this
ambiguity.

A benchmark campaign was then attempted to compare the best deployed
configuration and the final retrained full-contract model automatically over multiple
closed-loop cases. However, that evaluation harness produced suspicious outputs,
including incorrect case identifiers and terminal quantities that were too uniform
across cases to be considered fully trustworthy. For this reason, the automatic A/B
benchmark was not considered reliable enough to support a final comparative claim
and is not used here as conclusive evidence.
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Table 6.3: Training-side metrics for post-constraint retraining before and after
enforcing a semantically uniform full-contract dataset. The mixed merged corpus
combines corrected aggregated chunks with the historical base dataset; the uniform
merged corpus combines corrected aggregated chunks with the rebuilt full-contract
base dataset.

Retraining corpus Best val. Approx. test Approx. test Approx. test Approx. test

loss loss cosine magMAE normCorr
Semantically mixed merged corpus 6.64 x 1071 9.28 x 107! 0.436 0.235 0.548
Semantically uniform full-contract  1.4937 x 107! 1.6337 x 107! 0.8937 0.15848 0.5998

merged corpus

The correct conclusion is therefore asymmetric. The best deployed surrogate
configuration can be promoted as the strongest operational result obtained in
the thesis. By contrast, the final semantic rerun can be promoted confidently on
learning-side grounds, but not as a superior closed-loop result beyond that earlier
best configuration.

6.5 Training-Side Effect of the Final Semantic
Rerun

The clearest positive result of the final campaign appears on the learning side.
Before rebuilding the base corpus, a diagnostic retraining had been performed on a
semantically mixed merged dataset obtained by combining corrected aggregated
chunks with the historical base dataset. That experiment was informative but not
definitive, because the merged corpus combined two distinct target semantics and
therefore could not serve as a clean final test of the later post-constraint aggregation
stage.

Once the base corpus was rebuilt under the same full-contract target contract
and merged with the corrected aggregated chunks, retraining quality improved
substantially. Table 6.3 summarizes this contrast.

The improvement is not marginal. The loss decreases drastically, directional
agreement on the held-out test subset increases sharply, and magnitude reconstruc-
tion also improves. This confirms that the degradation seen in the semantically
mixed post-constraint retraining could not be interpreted as a final verdict against
the later aggregation stage itself, because the retraining corpus had been semanti-
cally contaminated.

At the same time, this result must be interpreted at the correct level. Table 6.3
shows that semantic target consistency matters decisively for learning a meaningful
full-contract mapping. It does not show that the resulting model surpasses the
earlier best deployed configuration in closed loop. That stronger claim would
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require a reliable trajectory-level comparative campaign, which is not available
here.

6.6 Discussion

The comparison between expert and surrogate supports five main conclusions.

First, open-loop imitation is necessary but not sufficient. A surrogate
can reproduce the expert with meaningful fidelity on d™# and still fail to preserve
acceptable rollout behavior on d™. This is the classical limitation of behavioral
cloning in sequential decision systems and is fully consistent with (6.10) [1].

Second, a first aggregation stage did help. The development record does
not support the claim that aggregation was ineffective from the start. On the
contrary, the first DAgger-style retraining stage improved the frame-consistent
behavioral-cloning baseline and therefore confirmed that moving supervision closer
to the learner-induced distribution can yield a meaningful benefit.

Third, the best operational result was obtained when that improved
policy was regularized at deployment. Clamp, constrained output logic,
deadband, and airbag do not solve the learning problem in isolation, but they
define the deployed controller that is actually evaluated:

g =WomgoP. (6.25)

In the development sequence reconstructed here, this combination of early aggrega-
tion benefit and deterministic deployment regularization produced the strongest
closed-loop regime achieved in the thesis. The retained diagnostics show that
this regime remains only moderately aligned with the expert in direction and
systematically conservative in command magnitude, but still clearly represents the
best bounded operating point reached in the study.

Fourth, later post-constraint aggregation attempts did not robustly
supersede that best configuration. Some later runs degraded, but their
interpretation was not initially clean because target semantics and artifact integrity
had become part of the problem. The final semantic rerun clarified this point by
showing that once the target contract is made fully uniform, learning-side metrics
improve sharply.

Fifth, improved full-contract learning does not yet imply a superior
rendezvous-grade closed-loop policy. The final semantic rerun demonstrates
that the retraining problem can be made much more coherent and that the network
can learn the intended direction-plus-magnitude contract far better than in the
semantically mixed case. Yet the currently available closed-loop evidence is still
insufficient to claim that this final retrained model surpasses the earlier best
deployed configuration. In other words, semantic repair of the target contract is
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necessary for a clean interpretation of later aggregation, but it is not by itself
sufficient to establish a stronger operational result.

Taken together, these observations support the main interpretation of the thesis.
The relevant gap is not simply between expert and neural network. It is between a
supervised approximation that can be improved and semantically repaired on the
learning side, and a deployed surrogate that must still remain reliable under the
state distribution it induces itself.

6.7 Chapter Summary

This chapter compared the model-based expert guidance law and the neural
surrogate at both action level and trajectory level, while reconstructing the iterative
development path that led from the first frame-consistent behavioral-cloning baseline
to the strongest deployed surrogate configuration and finally to the last semantic
rerun.

The results show that semantic consolidation is sufficient to obtain a meaningful
open-loop surrogate, but not sufficient to guarantee reliable closed-loop guidance. A
first aggregation stage then produced a real improvement over the pure behavioral-
cloning baseline, confirming that distribution-aware relabeling was directionally
useful. The strongest operational result of the thesis was obtained when that
improved policy was combined with deterministic deployment regularization—
input clamp, constrained output handling, deadband, and confidence-based airbag
attenuation—ryielding the most stable and interpretable closed-loop regime reached
in the project.

Representative diagnostics of that best configuration show moderate but con-
sistently positive closed-loop directional agreement with the expert, with thrust-
direction cosine similarity around 0.33 in mean and roughly 0.39-0.47 in median
across the retained rollout diagnostics, together with systematically conservative
magnitude ratios well below unity. This confirms that the best deployed surrogate
is not expert-equivalent, but rather the strongest bounded operational compromise
achieved in the study.

Subsequent post-constraint aggregation attempts did not robustly improve upon
that best configuration. The final semantic rerun then removed a major ambiguity
affecting the interpretation of those later experiments. By rebuilding a semantically
uniform full-contract base dataset, regenerating corrected aggregated chunks, and
retraining on a consistent merged corpus, it showed that semantic target consistency
materially improves learning-side performance. However, this does not yet provide
conclusive evidence of a superior rendezvous-grade closed-loop policy beyond the
earlier best deployed configuration. The final conclusion is therefore twofold.
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Scientifically, the chapter confirms that the main difficulty of imitation-based low-
thrust guidance lies in closed-loop robustness under policy-induced distribution
shift. Methodologically, it shows that semantic target consistency is necessary for
interpreting later aggregation correctly, yet is not by itself sufficient to establish a
stronger deployed result than the best configuration reached earlier in the study.
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Chapter 7

Conclusions and Future
Work

This thesis addressed the problem of autonomous far-range rendezvous under low-
thrust actuation, with particular emphasis on the tension between guidance quality,
long-horizon closed-loop robustness, and deployability in an onboard-oriented ar-
chitecture. The work was structured around a deliberately layered methodology:
first, a model-based expert guidance law was defined and validated as a reference
policy; second, a data-generation and preprocessing pipeline was constructed to
produce semantically consistent supervision; third, a compact neural surrogate was
trained and integrated as a drop-in command generator within the same simulation
environment used by the expert.

A first contribution of the thesis is therefore methodological. Rather than treating
learning as an isolated regression problem, the surrogate was developed within a
traceable guidance workflow in which feature construction, normalization, deploy-
ment semantics, warm-up logic, and evaluation protocol were all made consistent
with the final closed-loop use case. This aspect proved essential. In long-horizon
low-thrust rendezvous, small inconsistencies between offline training conventions
and online inference semantics can invalidate the practical meaning of an otherwise
well-performing supervised model.

A second contribution is the construction of a model-based expert baseline suitable
for large-scale data generation and comparative assessment. The expert policy
provided a physically interpretable reference mapping from relative orbital state
information to commanded acceleration, and enabled the generation of rollout-level
evidence across diverse initial conditions. This made it possible to evaluate the
learned policy not only in terms of one-step agreement, but in terms of actual
guidance behavior and mission-oriented convergence properties.

The central result of the thesis is that acceptable open-loop imitation does not
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automatically translate into reliable closed-loop rendezvous guidance. When evalu-
ated on expert-generated trajectories, the surrogate was able to reproduce relevant
aspects of the expert command with meaningful action-level agreement. However,
once inserted online in the loop, approximation error interacted with distribution
shift and long-horizon propagation, producing a much more demanding operating
regime. This confirms a key point for learning-based guidance: in sequential decision
problems, the relevant failure mechanism is often not the instantaneous regression
error itself, but the progressive accumulation of state-distribution mismatch induced
by the learned controller.

For this reason, the thesis did not stop at a single behavioral-cloning benchmark.
The surrogate development was iterated through multiple stages including semantic
consistency checks, deployment validation, stabilization measures, and renewed
aggregation attempts. This process showed that part of the performance gap could
be mitigated through engineering decisions such as robust preprocessing, bounded
inference behavior, and safer command handling. These measures did not fully
eliminate the gap with respect to the expert, but they were sufficient to obtain a
more stable and interpretable learned baseline. In this sense, the thesis contributes
not only a final model, but also a documented development path explaining which
interventions were necessary to move from nominal imitation to a defensible inte-
grated surrogate.

From a broader perspective, the results support a cautious but constructive view of
supervised learning for autonomous rendezvous guidance. A compact neural policy
can be trained to approximate a model-based expert and can be embedded cleanly
into a deterministic simulation architecture. This is promising from the standpoint
of computational efficiency and software integration. At the same time, the present
results indicate that for long-horizon low-thrust guidance, pure supervised imitation
alone is generally insufficient to guarantee the same level of convergence reliability
as the expert policy. The main challenge is not only function approximation, but
robustness under the policy-induced state distribution.

The main limitations of the present work follow directly from this conclusion.
First, the surrogate architecture remains memory-limited, since temporal context
is provided through a short fixed history window rather than through an explicitly
recurrent representation of long-horizon guidance evolution. Second, the training
distribution, although diversified and iteratively enriched, still only approximates
the set of states visited in closed loop by the learned controller. Third, the eval-
uation has focused primarily on nominal and controlled comparative conditions,
complemented by perturbation models representative of realistic LEO operations.
This is appropriate for establishing traceable baseline behavior, although it does
not yet exhaust the full range of operational uncertainties relevant to flight applica-
tions. Finally, the learned policy has been treated as a guidance surrogate within
a simulation-centered validation workflow, rather than as a component already
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qualified for embedded autonomy under strict real-time and verification constraints.
These limitations naturally define the most relevant directions for future work. A
first direction is to improve the handling of distribution shift through more system-
atic dataset aggregation, including more selective relabeling strategies, curriculum-
based rollout enrichment, and explicit prioritization of failure states. A second
direction is architectural: recurrent or sequence-aware models could provide a
richer representation of guidance context than fixed-window stacking, potentially
improving consistency over long horizons. A third direction is the inclusion of
confidence-aware or safety-filtered inference logic, so that the learned policy can
be bounded or overridden when it operates outside the distribution in which it
was trained. This would be especially relevant in mixed autonomy schemes where
a learned policy accelerates nominal guidance while a model-based supervisor
preserves operational safety.

A further line of development concerns validation depth. The surrogate should
be assessed under broader perturbation campaigns, including model mismatch,
navigation uncertainty, thrust dispersion, and additional operational constraints. In
parallel, the current workflow could be extended toward embedded implementation
by measuring inference latency, memory footprint, determinism, and integration
compatibility with representative onboard software environments. In this form, the
present thesis can be seen as a necessary intermediate step between proof-of-concept
learning and guidance software that is credible for mission use.

In conclusion, this thesis has shown that supervised learning can provide a meaning-
ful surrogate approximation of a model-based far-range rendezvous guidance law,
but also that the true difficulty emerges only when the learned policy is evaluated
in closed loop over long low-thrust horizons. The work therefore highlights both
the promise and the current limits of imitation-based guidance for autonomous
rendezvous. Its main outcome is not the claim that a neural policy already replaces
the expert, but the establishment of a rigorous workflow to design, integrate, diag-
nose, and critically assess such surrogates in a way that is technically transparent
and extensible toward more robust future solutions.
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