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Summary

This thesis addresses the critical challenge of extending the brief payload rendezvous win-
dow for Momentum Exchange with Electrodynamic Reboost (MXER) tether systems, a
transformative technology for propellantless space transportation. The research system-
atically conducted a comparative analysis of three distinct actuator configurations using
a two-dimensional rigid-body dynamical model, and evaluated a conventional optimal
control method against a modern, model-free Reinforcement Learning (RL) algorithm.

The investigation definitively identifies the reeler actuator configuration as the most ef-
fective for extending the rendezvous window in an unconstrained dynamic environment.
This configuration, which incorporates an intermediate reeling mass, achieved a three-
fold improvement, extending the uncontrolled rendezvous window of 0.6 seconds to 1.8
seconds. This duration, achieved within specified trajectory tracking tolerances of 10 m
for position and 10 m/s for velocity relative to the payload, significantly outperformed
both the baseline tip-reeling (0.8 s) and climber (1.0 s) configurations. This superior
performance is primarily attributed to the reeler’s enhanced control authority over the
tether tip’s velocity profile, enabling more effective counteraction of the characteristic
V-shaped relative velocity curve inherent to rendezvous.

In the unconstrained scenario, both the conventional iterative Linear Quadratic Regula-
tor (iILQR) and the model-free Soft Actor-Critic (SAC) RL agent successfully developed
control policies, matching the 1.8-second rendezvous window extension. However, the
SAC agent’s policy exhibited less smooth, sporadic actuator usage, a trait undesirable
in practical applications due to potential structural loads, component wear, and the
excitation of unmodelled high-frequency wave dynamics.

The study of constrained control revealed the inherent difficulty of the problem. When
realistic operational limits on tether tension, g-loads, and actuator usage were imposed,
neither the Augmented-Lagrangian iLQR (AL-iLQR) nor the SAC-based controller could
achieve a sustained rendezvous window. The AL-iILQR proved overly conservative, satis-
fying constraints but failing to exploit the system’s full dynamic potential. Conversely,
the SAC agent, guided by a simple penalty-based reward function, did not robustly en-
force critical constraints, notably violating tension requirements, which would lead to
system failure.

Verification and validation studies confirmed the fidelity of the rigid-body model. A
variance-based sensitivity analysis highlighted tether length uncertainty as the dominant
factor affecting rendezvous accuracy. Additionally, a comprehensive hyperparameter
optimisation study for the SAC RL agent identified the learning rate and batch size as
highly influential parameters for performance. A brief generalisation test also showed
that the RL agent, trained on the reeler configuration, did not successfully generalise to
the climber configuration, though its velocity control performance indicated potential
for improvement.
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Ultimately, this thesis successfully addressed its primary research questions, demonstrat-
ing how actuator configuration influences rendezvous window controllability and affirm-
ing RL’s potential, albeit with current limitations concerning constraint satisfaction and
control smoothness. All project goals, from model derivation and iLQR implementation
to the deployment and evaluation of the SAC RL algorithm, were addressed, laying
foundational groundwork for future advancements in MXER tether control.
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Introduction

1.1. Introduction to Momentum Exchange Tethers

1.1.1. Background and Motivation

Space tethers present a compelling alternative to traditional rocket propulsion, enabling
novel approaches to space transportation and in-space operations. Their primary advan-
tage lies in facilitating propellantless or near-propellantless manoeuvres, significantly
reducing reliance on expendable propellants and thereby minimising launch mass [1].
This inherent advantage translates to potentially lower mission costs and increased pay-
load capacity [2]. Two fundamental principles underpin the propellantless nature of
tether propulsion: momentum exchange and electrodynamic interactions [3].

Momentum Exchange Tethers

Momentum Exchange Tethers (METS) are a subclass of tethered systems specifically
designed to exploit the exchange of orbital momentum between a tether facility and
a payload. By rotating the tether, typically in an elliptical orbit, a payload initially
captured in low Earth orbit (LEO) can be released into a higher-energy orbit [2]. This
momentum transfer effectively boosts or lowers the payload’s orbit without expending
onboard propellant, with the tether facility sacrificing some of its orbital energy in the
process [4].

Electrodynamic Tethers

Electrodynamic tethers (EDTs) offer another propellantless propulsion method by ex-
ploiting the interaction between a conductive tether and a planet’s magnetosphere [3].
As the tether moves through the magnetic field, an electromotive, Lorentz force is in-
duced, which can be used to generate thrust or drag by controlling the current flow
within the tether [2]. This interaction allows EDTs to raise or lower their orbits, change
inclinations, and perform other orbital manoeuvres without consuming propellant.

Momentum Exchange and Electrodynamic Reboost Tethers

Combining the strengths of both METs and EDTs, Momentum Exchange and Electrody-
namic Reboost (MXER) tethers offer a highly efficient and versatile approach to space

1



11 Introduction to Momentum Exchange Tethers 2

transportation [5]. These systems utilise rotational momentum exchange, akin to METS,
for payload transfer, while incorporating electrodynamic thrusting, similar to EDTs, for
orbit maintenance and reboost [6]. This synergistic combination minimises propellant
consumption for payload transfer while enabling the tether facility to maintain its oper-
ational orbit, paving the way for reusable space infrastructure [7].

Operational Principle of MXER Tethers

The operation of a typical MXER tether boosting a payload’s orbit is depicted in Fig-
ure 1.1. A payload is launched into a (typically circular) low Earth holding orbit. The
MXER tether orbits at a higher altitude while rotating in a prograde direction. The
tether rotates at a rate such such that the relative distance and velocity between the
tether tip and the payload decreases to (near) zero at an instant in time. When the
tether tip and payload have match in position and and velocity, the payload is captured
by the tether tip becoming part of the tether. After capture, the payload rotates with
the tether tip for half a rotation after which it is released.

The effect of releasing the payload from the tether tip at this point on the payload’s
orbital energy is twofold. First, the payload is released at an increased altitude, and
second, the release takes place at a velocity higher than the payload’s initial LEO velocity
due to the prograde tether rotation. Thus both the potential and kinetic components of
the payload’s orbital energy is increased. The energy gained by the payload is of course
equal to the energy lost from the tether through this momentum transfer. As a result
the tether system falls to a slightly lower orbit, and needs to be reboosted to re-attain
its original energy state. The reboosting is primarily achieved through electrodynamic
thrusting against the geomagnetic field. Once reboosted, the tether is ready to repeat
the process again for a new payload. Thus, the tether can effectively be thought of as
a reusable, propellantless “third stage” that provides an additional velocity increase to
the payload after its insertion into LEO by traditional rocket stages.

Tether tosses payload -

Tether captures to higher orbit

ET;,, — ﬁ\y T

B Payload launched to
low holding orbit

Figure 1.1: Operating principle of a momentum exchange tether [6]. Here the payload and the
tether moves along their respective orbits from left to right. Not to scale.

Advantages and Applications of MXERs

MXER systems offer compelling advantages over traditional rockets, including reduced
propellant requirements, system reusability, rapid transfer times, and mission versatility



11 Introduction to Momentum Exchange Tethers 3

[1]. The reduced propellant needs from the translate to substantial mass savings at
launch and lower mission costs, making space missions more accessible and affordable
[2]. The reusability of the tether facility significantly reduces recurring costs for payload
transfers into higher orbits, offering a long-term cost-effective solution for such transfers
with projected launch cost savings savings of 50-80% depending on the tether system [§].
Furthermore, the impulsive nature of momentum exchange enables rapid transfer times,
comparable to or even surpassing those achievable with conventional chemical rockets [9].
MXER systems can be tailored for a wide range of mission scenarios, including efficient
transfers between LEO and Lunar Transfer Orbit (LTO) [6], access to Geosynchronous
Earth-Orbit (GEO) [10], and potentially even interplanetary missions [9].

1.1.2. MXER System Components and Architectures

Key Components and Operational Principal

MXER systems, building on the foundations of METs and EDTs, typically comprise a
long, high-strength tether; a grapple mechanism at the tether tip for payload capture
and release; and a counterweight and control station at the opposite end, responsible for
maintaining tension and stability, and managing the system’s dynamics and operations
respectively [7]. An example of a MXER tether proposed for boosting payloads to
Lunar transfer orbit (LTO) is shown in Figure 1.2. The tether serves as the primary link
between the control station and the grapple mechanism, facilitating momentum transfer
and electrodynamic interactions. The grapple mechanism, located at the tether tip, is
crucial for successful payload capture and release, requiring robust design for handling
velocity errors and ensuring secure docking. The control station houses the necessary
hardware and software for monitoring the system’s state, executing control laws, and
managing power distribution. The counterweight, often a massive object or another
spacecraft, is usually located near or coincident with the control station to concentrate
the effect of their masses on the tether.

.~ Delta-IV
Upper Stage

for Ballast ’é’? )

S
N Tether
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Power Storage/ . Reel & .
Power Processing TETHER h
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Figure 1.2: Example design of a tether boost facility. Adapted from [7]. Not to scale.
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Multi-tether Systems

While a single tether as described in Section 1.1.1 can be useful as an effective “third
stage” for sending payloads outward and away from Earth, the idea of momentum ex-
change tethers truly becomes compelling when the use of more than one tether, or
multi-tether systems, are considered. One such example is the prosed Cislunar Tether
Transport System, which envisions a two-tether configuration: one in elliptical Earth
orbit and another in Lunar orbit [7]. This system is designed for monthly, round-trip
payload transport between LEO and the lunar surface, leveraging momentum exchange
for efficient and near propellantless transfer. The Earth-based tether picks up the pay-
load from its low Earth holding orbit as described in Section 1.1.1 and tosses it into
an LTO. Once the payload is sufficiently close, the Lunar tether captures it through a
process that is essentially the reverse of the tossing process, and lowers the payload to
either a low Lunar orbit (LLO), or into a decaying orbit that leads to payload touch-
down on the Lunar surface. This process is depicted in Figure 1.3. As the Lunar tether
captures the incoming payload, some of the payload’s momentum is transferred to the
tether, increasing its orbital energy. This increase in energy can then be used to toss
other payloads from the Moon to the Earth, reversing the roles of the two tethers. Upon
a payloads return to the Earth from the Moon, it is captured by the Earth-based tether,
now transferring some of its momentum to the tether before being lowered to an LEO
or decaying orbit.

“ Tether in elliptical Earth orbit
picks payload up from LEO

Tether tosses payload
into lunar transfer orbit

Lunavator catches payload
and delivers it to lunar surface

Figure 1.3: The Cislunar Tether Transport System concept. Adapted from [6]. Not to scale.

The Cislunar Tether Transport System could, in an ideal world, operate through momen-
tum conservation alone, with the two tethers exchanging momentum through continued
payload transfers. In reality, payloads may require velocity corrections during their
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travels between these bodies, though it has been shown that such corrections are minis-
cule, on the order of 25 m/s [7]. Making use of electrodynamic thrust to reboost the
Earth-based tether allows the cadence of tether-assisted transfers to be increased, as
the Earth-based tether does not have to wait for an Earth-bound payload to regain
previously transferred momentum and energy.

Besides the Cislunar Tether Transport System, other larger and more complex systems
have been proposed for facilitating rapid Earth-Mars transport, for both crewed and non-
crewed missions [9] [11]. These systems highlight the versatility of the MXER concept
and its potential for addressing diverse mission needs in the Earth-Moon system and
beyond.

Tether Material and Survivability

Upon first introduction to these tether systems, concern of feasibility might be expressed
regarding suitable materials and the tether’s survivability in the space environment.
The choice of tether material is of course a critical design decision for MXER systems,
influencing performance, durability, and feasibility. Key material properties include
tensile strength for withstanding dynamic loads, density for minimising tether mass,
elasticity for controlling wave propagation, and conductivity for electrodynamic thrust.
Existing, high-performance engineering materials such as Spectra 2000, Zylon PBO and
Dyneema 66 are promising candidates due to their favourable balance of these properties
[7]. While these materials are not naturally electrically conductive and are primarily
considered for their structural properties, a conductive tether can be achieved through
interwoven conductive martial. Advanced materials like carbon nanotubes offer higher
strength and inherent conductivity, but face challenges in scalability and cost [12].

Besides material selection, ensuring long-term survivability in the harsh space environ-
ment is equally crucial. A key design consideration for long-term viability is mitigating
the effects of micrometeoroids and space debris impacts. The Hoytether™ design ad-
dresses this by using an open net structure with redundant load-bearing lines [13]. This
innovative architecture allows the tether to reliably survive impacts from objects up to
30 cm in size [11], as the interconnected secondary lines redistribute loads around dam-
aged primary segments [13]. This distributed design, with slack secondary lines initially
unstressed, provides a high margin of safety, allowing the tether to operate under high
stress while maintaining structural integrity for tens of years [14]. This survivability is
crucial for long-term economic viability, enabling the tether to handle frequent traffic
and maximise its operational lifetime.

1.2. Thesis Focus and Structure

The present work aims to answer two fundamental research questions. The first concerns
the influence of different mechanical actuator configurations on the controllability of a
spinning MXER tether’s rendezvous window. The second investigates the effectiveness
of modern Deep Reinforcement Learning as a control strategy for the MXER rendezvous
problem, comparing it directly against a conventional (near) optimal control baseline.
To address these questions, this research is centred on a comparative study that is
presented as a standalone research paper, supported by extensive background literature
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and detailed validation and analysis. As a result, this thesis consists of this central
research paper and its accompanying material.

The accompanying material aims to provide a discussion of topics that are supportive to
the research, and to offer greater depth in the discussion of selected topics where such
detail would not be warranted within the page limits of a conference paper.

The background for the research is presented across two chapters. Chapter 2 provides
a comprehensive literature review on Momentum Exchange Tethers. It begins with
a discussion of tether dynamics and common mathematical modelling approaches in
Section 2.1, followed by a review of the control challenges associated with payload ren-
dezvous and capture and an overview of existing control methods in Section 2.2. Chap-
ter 3 presents a literature review of Reinforcement Learning, establishing the theoretical
foundation for the DRL-based controller. It covers the core concepts of RL, the defini-
tion of state, action, and reward spaces, different agent architectures, and the specific
model-free algorithm relevant to this work.

Chapter 4 synthesises the preceding literature reviews to formally establish the Research
Gap and Opportunity. This chapter identifies the specific gaps in the current body of
knowledge that this thesis aims to address and logically derives the research questions
and project goals that guide the subsequent work.

Chapter 5 contains the core research contribution of this thesis, presented in the form of
the paper titled Conventional and Reinforcement Learning Control of MXER Tether Dy-
namics for FExtended Payload Rendezvous. This paper details the comparative analysis
of the three actuator configurations and the two control methodologies, presenting the
primary results and findings of the research. The paper has been submitted to the pro-
ceedings of the 2025 International Astronautical Congress (IAC), and will be presented
at this congress in September 2025.

Chapter 6 details the Verification, Validation, and Robustness analysis that underpins
the results presented in Chapter 5. This chapter provides a unified discussion of the mea-
sures taken to ensure the correctness of the methods, including the numerical integrator
selection, validation of the rigid-body model, and verification of the selected control
methods in Section 6.1. It also presents the sensitivity and tuning analysis, covering the
impact of physical model parameter uncertainty and the process for determining the RL
agent’s hyperparameters in Section 6.2.

Finally, Chapter 7 concludes the thesis by outlining the main results and offering rec-
ommendations for future work. Section 7.1 summarises the key conclusions. Section 7.2
provides actionable recommendations for both future mission design and further research.
The chapter, and the thesis, are concluded with a final assessment of the research ques-
tions and an analysis of the project’s compliance with its stated goals.



Momentum Exchange Tether
Literature Review

2.1. Dynamics and Modelling of MXER Tethers

2.1.1. Tether Dynamics Considerations

Orbital Motion and Tether Rotation Coupling

The centre-of-mass (COM) of a tethered system follows a standard Keplerian orbit,
largely independent of tether rotation. In rigid-body tether models this is explicitly veri-
fied: for example, NASA simulations confirm that the centre of mass (COM) translation
obeys classical Kepler motion [15]. The rotating tether end-masses thus move about
the COM with little effect on its overall orbital trajectory. In practice the in-plane
tether rotation (rotation in the orbital plane) typically dominates the motion by design,
with any out-of-plane tilts or nutations being much smaller under nominal conditions.
Gravitational-gradient torque tends to align long non-rotating tethers roughly along the
local vertical direction, coupling librational motion of the tether to the orbital motion.
Some studies propose the active utilisation of gravity-gradient forces and torques for con-
trolling both the rotational and center-of-mass orbital parameters of spinning tethers,
typically by varying the tether length at appropriate times [6], [8].

External Perturbations
Long tethers are subject to various environmental perturbations. Key forces include:

Higher-order gravity effects (oblateness and harmonics)

In addition to the orbital precession caused by Earth’s oblateness (and higher-order grav-
ity modelling terms), the non-uniformity of Earth’s gravity can induce slow tether libra-
tions in both the in- and out-of plane directions (orbital plane), though to a lesser extent
for the latter [16]. For long tethers gravity-gradient effects also manifest as rotation-rate
enhancing or retarding torques for the Earth-approach and departure phases of a tether’s
rotation respectively.

Aerodynamic drag
The orbit-lowering effect of drag on satellites in low Earth orbit is well known. In LEO

7
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environments, the extended tether may experience significant drag depending on its
length and altitude. For example, the drag on the lower 10 km of a tether contributes
significantly to the overall system’s drag, and this tether portion has about 20 times the
drag of its attached satellite [17]. Besides orbital decay, aerodynamic drag can induce
out-of-plane librations for tethers in inclined orbits due to Earth’s equatorial oblateness
and the atmosphere’s rotation following that of Earth [17]. For tethers with notably
low orbital perigees, drag may lead to heating and erosion of the tether surface, which
impacts the service-life of the tether. For these combined reasons, the perigees of MXER
tether orbits are usually chosen to be as high as possible, while still satisfying the pay-
load’s rendezvous orbit requirement. For typical MXER tether parameters, simulations
have shown that a 1% variation in aerodynamic forces (due to aerodynamic modelling
parameter uncertainties) results in a shift in the tether tip’s predicted position of about
2 metres after completing one full orbit [18].

Geomagnetic forces

A conducting or charged tether moving through Earth’s magnetic field experiences
Lorentz forces. These forces can be used for electrodynamic boosting, but may also
perturb the tether motion. During the perigee approach for payload capture the tether
system would not normally apply any electrodynamic thrusting forces [18], rather rely-
ing on pure dynamical motion and possibly tether reeling for tip control. Despite this
rule of thumb, a minor electrical leakage may occur causing a small current to flow in
the conductive tether portions thereby causing an unwanted disturbance force. Such a
hypothetical situation was simulated and results showed that such a leak causes a shift
in tether tip position of a about 3 metres after one full orbit [18].

Solar radiation pressure (SRP)

Long tethers have a non-negligible surface area, and thus SRP can produce small trans-
verse torques. Simulations of typical MXER tether systems show tether tip shifts of 1 to
4 metres after one orbit when taking variations in SRP forces into account. These sim-
ulations considered force variations up to 5% due to geometric and reflective parameter
uncertainties [18].

Mass loss

Long-term exposure to atomic oxygen in LEO can erode the tether causing mass loss
and degradation of tether material properties. Some experiments have investigated the
effectiveness of tether material coatings for the protection against reactive atomic oxy-
gen environments. Two coatings, a copolymer and metallised nickel, proved promising
[19]. In addition to the reactions with atomic oxygen, other processes like outgassing,
sublimation and micro-meteorite damage can result in tether mass loss. These combined
effects have been estimated to result in 5 to 150 grams of mass loss per day, which causes
the tether’s centre of mass to shift slowly [18]. Fortunately, from a dynamics perspec-
tive these effects have a minimal impact on actual tether tip displacement for rotating
tethers, with estimates suggesting displacements less than a millimetre [18].

Thermal effects

Cyclic heating causes thermal expansion/contraction of the tether material. Over a long
tether this can produce length changes (or tension changes) and can excite low-frequency
oscillations. Tether length fluctuations lead to a fluctuating moment of inertia, and thus
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tether rotation rate. Estimates for a Zylon tether, a commonly proposed tether material,
predict a tether tip drift of 163 metres per degree Kelvin from its expected position [18].

Material creep

Polymeric or metallic tethers under sustained tension exhibit viscoelastic creep, gradu-
ally lengthening or experiencing stress relaxation over time. This material creep can be
significant for typical MXER systems, with estimates placing the tether elongation rate
at around 2 metres per day for Zylon tethers. The resulting tether tip drift after one
orbit is non-negligible, at about 40 metres from its anticipated position [18].

Clearly, thermal effects and material creep have a much greater impact on the predicted
tether tip position than the other perturbations. While the smaller environmental effects
can be partially accounted for in models and uncertainty analyses, the large influence
of thermal effects and material creep will need to be actively monitored in a real tether
system with accurate state estimation.

Tether Elasticity and Wave Propagation

Long tethers effectively behave like elastic strings under tension, supporting longitudinal
(axial) waves and transverse (flexural) waves that propagate at different speeds. The
different propagation speeds of these waves lead to “stiff” dynamics, with the longitudinal
wave speed far exceeding that of the transverse waves [18]. These travelling waves lead
to spatio-temporal length and tension variations along the tether. When the tether
length or tension changes (e.g. during deployment or after capture), pulse-like waves
travel along the tether causing oscillatory motion of the tip masses or payload, impacting
capture or re-boost dynamics.

Managing and eliminating these wave oscillations is non-trivial as tethers typically have
variable degrees of natural damping in the out-of-plane, in-plane transverse and longi-
tudinal directions. (As a brief aside, here “plane”refers to the orbital plane, though for
many MXER tether proposals, the tether’s rotation plane is chosen to be the same as the
orbital plane. Thus going forward, “in-plane” will refer to both the orbital and rotation
planes.) To shortly mention these variable degrees of natural damping:

o Out-of-plane oscillations are predominantly decoupled with in-plane motions and
not subject to natural damping [3][20].

o In-plane transverse oscillations are weakly coupled with longitudinal oscillations,
and natural damping of these oscillations only occur over exceptionally long time-
scales of months to years [3].

» Longitudinal oscillations are damped out much faster than their transverse coun-
terparts, with roughly threefold amplitude decays in as little as 10 minutes for
typical tether systems [3]. This effective natural damping is attributed in part to
the inter-fibre friction present in braided-fibre tethers [3].

Clearly, additional damping strategies are necessary to effectively manage these tether
oscillations. Some suggested damping options include longitudinal dampers, carefully
timed and tuned electrodynamic thrusting [21], actively moving masses [3] and reeling
the tether in an out as necessary [8].

For analysis of their string-like behaviour, tethers can be modelled in a variety of ways,
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depending on the desired level of accuracy and insight gained from the model. Analysis
approaches vary from simpler vibrating-string (chord) equations [15], or to more complex
modal decomposition approaches [18]. The next section looks at different approaches
for modelling the dynamics of space tethers.

2.1.2. Mathematical Modelling Approaches

There exists a variety of tether models in literature, each with its benefits and drawbacks.
The main categories to which these models may fall into, some being mutually inclusive,
are rigid-body models, flexible and extensible models, lumped-mass models, and con-

tinuous models. These models are discussed in the next sections, and summarised in
Table 2.1.

Rigid-Body Models

Rigid-body models, as the name implies, treat the tether system (in-whole or in part) as
a rigid, non-deformable structure. These models capture the fundamental dynamics of
rotating and librating tethers, providing useful and insightful results without resorting
to extreme computational requirements or increased mathematical complexity. Here,
wave effects are of course not captured. Models in this category are often used for the

development and testing of system controllers, control laws and tether configurations
[22].

Flexible and extensible models

On the opposite side of the spectrum, are flexible and extensible models. These models
can capture the transverse deflections of flexible tethers, or the longitudinal extensions
and contractions, or a combination of both of these effects. As a step up from rigid-body
models, considerations could for example be limited to the axial direction to study the
effects of longitudinal elasticity, without the complex transverse deformation behaviour
[20]. Alternatively, the extensible models can be expanded to transverse deflections
in two or three dimensions to capture in-plane and out of plane effects [23]. Models
in this category are mathematically more complex and typically dependent in-part on
hyperbolic partial differential equations (PDEs) for the description of wave dynamics
[18]. These models can range from computationally manageable (at or near real-time
simulation) for purely extensible models to computationally complex and demanding for
full three-dimensional, some of which are only suitable offline (non-real-time) simulation.
This computational requirement is largely due to the next two categories.

Lumped-Mass Models

For lumped-mass models, the tether system’s mass is represented by discrete “effective”
masses. This may be as simple as dumbbell models, which group the tether system’s mass
into two masses at each end of a massless the tether [17], or more advanced discretisation
methods, where the tether is modelled as a series of massive nodes connected by springs
and possibly dampers [23]. Approaches of the latter kind can become computationally
demanding for systems that strive for high accuracy, since a high number of discretisation
nodes are necessary to capture highly accurate dynamics [18].
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Continuous Models

Continuous models maintain the continuum nature of the tether, opting to rather solve
the wave-like PDEs with finite element methods, partial dimension discretisation (like
the method of lines), or modal decomposition approaches. Significant work has been
done on modelling flexible and extensible tethers using eigenfunction expansion with
extreme accuracy. With a sufficient number of eigenfunctions capturing tether modes,
the tether’s position can be predicted with 9-digit accuracy, which equates to sub-metre
accuracy on tether lengths often in excess of 90 km [18]. This approach not only ben-
efits from high accuracy, but also computational efficiency, being thousands of times
faster than conventional discretisation methods such as the spring-damper lumped-mass
method [18]. This computational efficiency makes it suitable for both online and offline
use. The significant accuracy and speed come at the expense of mathematical complexity
and the requirement of highly precise model inputs.



Modelling Methods Comparative Summary

Table 2.1: Comparison of Tether Modelling Approaches

Model Category  Description Key Features Benefits Drawbacks Computational Typical Applica-
Cost tions

Rigid-Body Treats tether Inextensible, mass- Mathematically Cannot represent Very low Control law de-

Models (whole or in less or fixed-length  simple; Low com- elastic oscillations velopment; Pre-

Flexible &

Extensible
Models

Lumped-Mass

Models

Continuous
Models

part) as a non-
deformable struc-
ture.

Models tether elas-

ticity: longitudinal
extension/contrac-
tion and/or trans-
verse deflection.

Discretises tether

into nodes (point-
masses) connected
by springs/-
dampers, from

dumbbell to fine

chains.

Maintains contin-
uum by solving
wave PDEs via
FEM, method of
lines or modal
(eigenfunction) de-
composition.

tether; Captures
spin and libration
dynamics

Axial-only wave-

like PDE for pure
extensibility; Full
2D/3D transverse-
axial coupling via
hyperbolic PDEs

Adjustable number

of masses; Spring/-
damper elements
represent elasticity
and damping

Finite-element or

modal decomposi-
tion; Eigenfunction
expansions for
high-order modes

putational burden;
Enables rapid con-
troller design and

testing

Captures axial
and/or bending
waves; Adjustable
fidelity (axial only,
2D, or full 3D)

Balances fidelity

and simplicity;
Handles nonlinear
slack and damp-
ing; Relatively
straightforward im-

plementation

Highest positional

fidelity (sub-metre
over 90 km teth-
ers); Very efficient
modal solutions

proach)

or slack effects

Mathematically

complex; 3D PDEs
may be too heavy
for real-time with-
out simplifica-
tion (depends

on lumped mass
vs continuous ap-

Accuracy requires
many nodes (nu-
merical stiffness);
Computation
scales with DOF

High mathemat-

ical complexity;
Demands pre-

cise model inputs
(mode shapes, ma-
terial properties,
tether and environ-
ment states)

Medium to high

(depending on
fidelity)

Moderate (in-

creases with more
with nodes)

Low to moderate

(for modal) or high
(for FEM)

liminary dynamic
studies

Targeted simula-
tion of wave dy-
namics; Detailed
capture-phase stud-
ies

Mid- to high fi-

delity simulations;
Controller-in-the-
loop testing; Model
validation

Offline high-

precision design;
Model validation;
Some online use
via modal reduc-
tion
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2.2. Control Challenges and Existing Control Methods
for Space Tethers

2.2.1. Rendezvous and Payload Capture Challenges

The success of momentum-exchange tethers hinges on overcoming complex rendezvous
and payload capture challenges. This section will delve into how rendezvous is defined,
the conditions required for a successful capture, the inherent difficulties posed by the
short rendezvous window, and other significant challenges associated with tether-payload
rendezvous.

Defining the Rendezvous Problem

In the context of momentum-exchange tethers, rendezvous is fundamentally different
from conventional orbital docking and rendezvous. Instead of matching position, velocity,
and acceleration over an extended period, tether-payload rendezvous requires matching
the position and velocity of the tether tip and the payload at one specific point in time
and space [8]. The acceleration of the tether tip and the payload are not matched [5].
Rather, after capture the tether accelerates the payload to match its rotational motion,
thereby facilitating a transfer of momentum from the tether system to the payload.

Conditions required for the tether tip to rendezvous with the payload include:

e Orbital Configuration - The tether facility is typically placed in an elliptical
orbit, and its rotation is timed so that the tether is oriented vertically below the
central body and swinging backward when the facility reaches perigee [8]. The
payload is usually in a circular low Earth orbit. See Figure 2.1 for a depiction of
this configuration.

o Velocity Matching - The angular rotation rate of the tether is set so that the
tether tip velocity is the difference between the orbital velocity of the tether’s
centre of mass (COM) and the payload’s orbital velocity [24]. This allows the
tether tip and payload to instantaneously match position and velocity at (or near)
perigee as depicted in Figure 2.1b.

e Orbital Resonance - To ensure multiple rendezvous opportunities and minimise
manoeuvring, the semi-major axis of the tether facility’s orbit can be chosen so
that its orbital period is a multiple of the payload’s orbital period [6]. For example,
a 5:2 ratio yields a capture opportunity every two orbits for the tether, or every
five orbits for the payload. For a payload in LEO with an orbital period of about
90 minutes, a 5:2 ratio would allow for a capture opportunity roughly every 3 hours
and 45 minutes. During this time the tether needs to be controlled to synchronise
its rotation state at the predicted time of capture with the required rotation state.
In addition to the capture considerations, the target trajectory’s requirements also
need to be considered when planning a capture and launch. For example, for a
trans-lunar injection, the payload may need to be captured and launched such that
it arrives at the Moon during the lunar crossing of the ascending or descending
node.

To better understand the tether-payload capture behaviour, the approaching tether can
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be imagined as a wheel rolling around the payload’s orbit with the tether tip making
momentary contact with the payload [5]. This is the ideal moment to perform the capture
procedure. From the payload’s perspective, the tether tip descends rapidly, comes to a
stop for an instant, and then rapidly ascends again.
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Figure 2.1: Orbital configuration of payload and tether system: (a) approach, and (b) capture at
perigee. Not to scale.

The Short Rendezvous Window

Orbital rendezvous and docking for conventional target and chaser spacecraft occurs
slowly, over minutes or even hours, with extremely high precision (millimeter positional
error, millimeters per second velocity error [25]). For tether systems, rendezvous with
the payload must happen nearly instantaneously, typically in a window of only a couple
of seconds [26]. This is about two orders of magnitude less time than traditional space
docking scenarios [8].

The same acceleration mismatch that allows for momentum transfer from the tether to
the payload is the key reason for this short rendezvous window. The tether’s tip experi-
ences significant centrifugal accelerations (e.g. 1 - 3 g [7]) due to the tether’s rotation
relative to its orbital frame, while the payload is in a free-fall condition. This acceleration
disparity means that under ideal conditions, the relative position and velocity between
the tether tip and payload only reaches zero at a single point in time. The tether tip’s
non-Keplerian trajectory further complicates the position and velocity synchronisation,
making the time window for rendezvous very narrow.

Rendezvous Challenges

A number of challenges need to be overcome to make rendezvous in such a short window
possible.

« High accuracy requirements - To know the tether tip’s position and velocity to
a sufficient degree for payload capture requires extremely accurate state estimation
and propagation of the tether trajectory (and underlying dynamics) [8], as well as
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accurate manoeuvring of the payload to be in the exact right place at the right
time with the correct velocity.

e Limited time for manoeuvres - The very short window means there is minimal
time for a terminal guidance system to make necessary manoeuvrers and achieve
capture. Thus responsive and quick-acting actuators are be needed for controlling
and guiding the tether tip to the desired position ahead of time. This again ties
into the high accuracy requirements, as the uncertainty in both the actuation levels
as well as the tether system’s response should be minimised.

o Error tolerance - Realistically, matching position and velocity of both the tether
tip and payload at the exact time is near-impossible. Thus the capture process
should have a degree of error tolerance. Both the tether system and the payload
may cooperate to improve this error tolerance, but for the sake of minimising pro-
pellant use, the tether may be expected to be the primary source of error tolerance.
Specifically, the brunt of this responsibility falls on the capture mechanism located
on the tether tip, which must be tolerant of several meters of positional error and
a few meters per second of velocity error [27].

o Payload scheduling flexibility - Perhaps more of a limitation than a challenge to
overcome, tether transport systems have a relatively inflexible schedule for payload
transfers due to the precise orbital mechanics involved and short launch windows
[8]. This requires accurate timing of payload orbits if propellant use is to be
minimised.

2.2.2. Review of Existing Control Methods

A wide array of control strategies and actuation methods has been investigated to man-
age the complex dynamics of space tethers. These methods range from simple, prede-
fined deployment profiles to sophisticated optimal control and non-linear feedback laws.
This section provides a review of the prominent control methodologies and actuation
techniques found in the literature, establishing the context for the control approaches
selected and evaluated in this work.

Conventional Control Methods

The control of tether systems, particularly for rendezvous, has been approached from
several theoretical and practical angles. These can be broadly categorised into predefined
strategies, linear and non-linear feedback control, and optimal control frameworks.

Predefined and Simple Feedback Strategies For less dynamically complex ma-
noeuvres, such as initial deployment, simple open-loop or feedback strategies have proven
effective. For instance, the SEDS missions successfully utilised braking-only deployers,
where the tether is passively pulled out by the gravity-gradient force while controlled
friction is applied to manage the deployment rate [22]. Another study considered a de-
ployment method that involves the tether tip mass releasing either itself or a separate
a grapple fixture at a controlled unspooling rate for extending the rendezvous window.
The tip or grapple mechanism is deployed at minimum deployment tension with a pre-
defined braking duration, placing the grapple in a nearly free-fall trajectory that closely
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matches the payload’s trajectory thereby extending the time time in close proximity to
the payload [28].

Linear and Non-linear Control Given the inherent non-linearity of tether dynamics,
both linear and non-linear control methods have been explored.

o Linear Control approaches are often considered suitable for the terminal phase
of rendezvous, where system states are close to a desired reference trajectory and
dynamics can be reasonably linearised [26]. Linear quadratic feedback controllers
(LQR) have been applied to stabilise tether attitude and minimise deviations from
a reference path, particularly during deorbit manoeuvres [29]. However, the effec-
tiveness of linear controllers diminishes as orbital eccentricity increases or when
large initial errors are present [27].

« Non-linear Control methods are generally better suited to the highly non-linear
dynamics of spinning tethers in elliptical orbits. Techniques such as non-linear
model predictive control (MPC) and non-linear receding horizon controllers [30]
have been employed to manoeuvre a tether tip to a desired libration cycle for
rendezvous. These methods can handle the system’s complex behaviour more
robustly than their linear counterparts. Other approaches, such as fuzzy logic-
based feedback, have also been used to manage large, non-linear motions during
deployment [31].

Optimal Control Optimal control theory is a powerful framework for tether control,
as it can determine control laws that manoeuvre the system between initial and terminal
states while minimising a specified cost function. It has been used to generate open-
loop control laws for both pre-capture libration pumping and post-capture damping of
oscillations [32]. A variety of cost functions have been employed, with objectives such
as minimising control effort, power consumption, tether tension, or libration angle. For
elastic tethers, minimising strain or its derivatives is often prioritised to ensure smooth
dynamics and avoid structural damage. To solve these complex optimisation problems,
numerical techniques like direct transcription methods (e.g., the Legendre pseudospectral
method) are commonly used [32], [33].

Other Control Strategies Several other strategies have been developed to address
specific challenges. To manage the high accuracy requirements of rendezvous, coopera-
tive manoeuvres involving both the tether system and the payload are often necessary
[26]. Furthermore, to account for inevitable tracking errors, error-tolerant capture mech-
anisms, such as using a large open tether loop with a harpoon, have been proposed to
accommodate position and velocity misalignments [34].

Actuation Methods

The implementation of any control law relies on effective actuation. Several methods
have been proposed and developed to influence tether dynamics, with the most prominent
being electrodynamic thrusting and mechanical methods that alter the system’s moment
of inertia.
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Electrodynamic Thrusting FElectrodynamic tethers utilise a conductive wire that,
when carrying a current through a planetary magnetic field, generates a Lorentz force.
This force is perpendicular to both the tether and the magnetic field lines, providing a
means of propellantless thrust [22]. This method is primarily used for orbit boosting or
de-orbiting and is the core technology for the energy reboost phase of MXER systems. In
the context of rendezvous, distributed Lorentz forces can also act as a control actuator,
providing a torque to correct in-plane positional errors or to damp in-plane and out-of-
plane librations [26].

Changing the Moment of Inertia A powerful way to control a tether’s rotational
dynamics is by actively changing its mass distribution, and therefore its moment of
inertia. This is the principle behind the three configurations investigated in this work.

o Tether Reeling is the most fundamental mechanical actuation method. By reel-
ing the tether in or out from the control station or the tip, the tether’s length is
changed, directly affecting the system’s moment of inertia and rotational speed.
This technique is used to “pump” the tether’s dynamics to the correct phase (i.e.
orientation) and amplitude (i.e. length) for rendezvous and to subsequently damp
oscillations after capture. While highly effective for controlling in-plane motion,
reeling alone is less effective for managing out-of-plane librations [22].

o A Climbing Actuator Mass, or crawler, is an auxiliary mass that moves along
the tether’s length between the endpoints [35]. This motion alters the system’s
mass distribution without changing the tether length, providing another mech-
anism to control the moment of inertia and rotational dynamics. Studies have
shown that a crawler can pride prolonged proximity with the payload in the case
of librating tethers [36].

o A Reeling Actuator Mass combines the concepts of the climber and tip reeling.
This is an intermediate mass that contains its own tether segment and reeling mech-
anism. This allows for independent control over different segments of the tether,
offering more sophisticated manipulation of the system’s overall mass distribution,
length, and moment of inertia.

Other Actuation Methods To supplement these primary methods, other actuators
have been considered. Thrusters, located on the main satellite or the tether tip, can be
used to augment control, particularly for out-of-plane manoeuvres where other methods
are less effective. While propellant-based thrusters can potentially be effective at control-
ling out-of-plane motions, they come at the expense of propellant use. This is of course
counter to the main goal of the tether system, which is to provide a near propellantless
space transport alternative. Besides thrusters, actively moving the tether’s attachment
point at the tether tip or the control station can act as a wave-absorbing controller, sup-
pressing unstable transverse vibrations that may be excited by other forces. The same
effect could potentially be achieved with the intermediate climbing and reeling actuator
masses previously mentioned.



Reinforcement Learning Literature
Review

3.1. Introduction to Reinforcement Learning

Definition of Important Terms
The literature on reinforcement learning contains numerous jargon terms. For definitions
of all the jargon terms used in the following sections, please refer to Table 6.

Machine learning encompasses a variety of approaches to enable computers to learn from
data and improve their performance on specific tasks. These approaches can be broadly
divided into three main categories: supervised, unsupervised, and reinforcement learning

37).

Machine
Learning
Y
Supervised Unsupervised Reinforcement
Learning Learning Learning

Figure 3.1: The three broad categories of machine learning

Supervised learning focuses on learning a mapping from inputs to outputs given a la-
belled dataset, essentially learning by example. [37]. Unsupervised learning, in contrast,
aims to find hidden structures and patterns in unlabelled data, such as through cluster-
ing or dimensionality reduction. [37]. Reinforcement Learning (RL) occupies a unique
position within this landscape, as it focuses on learning optimal behaviours through trial
and error by interacting with an environment [37]. Where supervised and unsupervised
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learning typically operates on supplied datasets, RL mostly generates its own learning
data through interaction with an environment, and receiving feedback on the quality of
those interactions through rewards. This paradigm is particularly suited for tasks where
outcomes depend on a series of actions rather than isolated predictions as in the cases
of supervised and unsupervised learning.

3.1.1. Core Concepts of Reinforcement Learning

At its core, RL can be divided into two entities, the agent and the environment, as well
as three information streams or signals, namely observations, actions and rewards [38].
The general relationships between the agent, the environment, observations, actions and
rewards are depicted in Figure 3.2.

@, Observe state, s;

& Action, a; Environment

=~ Reward, r;

Figure 3.2: Schematic representation of reinforcement learning, where the agent observes state(s)
from the environment, acts upon those observations and receives a reward for a proposed action at
each time step t.

The first entity, the agent, acts as the central decision-maker in the RL model, which
learns to make optimal or near-optimal decisions to achieve one or more specific goals
through its trail-and-error interaction with the environment. The second entity, namely
the environment, makes up the world that the agent interacts with, and thus encompasses
everything outside of the agent [39]. It can be either a physical, real-world space, or a
virtual space such as a simulated dynamical model for a MXER tether system.

The agent’s interaction with the environment typically takes place over a sequence of
discrete time steps, with one cycle as depicted in Figure 3.2 taking place per time step.
This cycle starts with the agent observing the current state of the environment, to
build a representation of the current environment situation or configuration. While full
environment states are available to the agent in some cases, it is often the case that
the environment state is only partially observed [38]. Based on this observation, the
agent takes an action according to its policy, which is essentially an internal strategy
for selecting action(s) for a given a state. The environment, in turn, transitions to
a new state and provides the agent with a scalar reward, which serves as feedback
on the desirability of the action taken and the new state [37]. As might be expected,
actions which promote transitions to more desirable states are reinforced with increasing
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rewards and transitions to less desirable states lead to reduced or even negative rewards.
The agent’s ultimate goal is to learn an optimal policy that maximises the expected
cumulative reward over time by learning from the consequences of its actions [37].

This ability of RL agents to learn from the causal relationship between actions and ob-
servations is crucial for successful sequential decision-making, since the agent’s current
action influences not only immediate rewards but may also impact future states and
rewards. This aspect further distinguishes RL from other machine learning paradigms
and makes it suitable for complex tasks like playing games [40], robotics [41], and au-
tonomous control systems [42], which are all areas where a degree of foresight may be
valuable.

3.2. Defining State, Action, and Reward Spaces

In reinforcement learning, defining the state, action, and reward spaces is crucial for
formulating the problem and designing an effective learning agent. These three compo-
nents dictate how the agent perceives the environment, what actions it can take, and
what feedback it receives. For instance, in autonomous vehicle control, the observation
might include the vehicle’s current speed and distance to nearby obstacles, the action
could be a steering angle or throttle command, and the reward might reflect how well the
vehicle stays in its lane while avoiding collisions. The state, action and reward spaces
are further discussed in subsequent sections.

3.2.1. State Representations

As previously alluded to, the state represents the current situation of the environment
and and and observation of the state provides the agent with the information it needs to
make decisions. States are sometimes confused with observations, although these can
differ. While a state forms a complete description of the environment at a given time,
an observation is a description of the state that the agent can perceive, often limited by
available sensor measurements. As such, an observation can be thought of as a subset of
the state [43]. In the context of a MXER tether, the environment state may include a full
dynamical description of the tether and payload as well as detailed information about
perturbing effects, and surrounding bodies. An example observation on the other hand,
may only include important tether information like rotational rate, maximum tension,
as well as the position and velocity of key points on the tether such as the tether tip,
control station and actuators.

Feature Engineering

Though it might initially seem beneficial to specify observations that include as much
of the environment state as possible for informed decision-making, it is good practice
to carefully select or engineer observation features that are most relevant to the task.
This process is often called feature engineering. Such features can potentially be
derived or engineered from the raw observations to create or extract more informative
representations of the environment state that can help the agent make better decisions
[44].

Effective feature selection in reinforcement learning has two noteworthy benefits, namely
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a reduction in dimensionality and an improvement in prediction accuracy [45]. The ben-
efit of a reduction in dimensionality becomes clear when RL models with underlying
artificial neural networks (ANN) are considered. If a large observation is passed as in-
put to an ANN, the network requires a sufficient amount of neurons to capture and
process the information contained therein, ultimately requiring larger networks. In this
context, neurons are the basic processing units in an artificial neural network that trans-
form input data through weighted connections; more neurons (and thus larger networks)
enable richer representations but increase computational cost. As such smaller networks
are preferred where possible. The second benefit of effective feature selection is its poten-
tial to improve prediction accuracy, through identifying and retaining relevant features
while eliminating redundant and irrelevant ones [46]. It is again helpful to think of
this selection of key features in the context of ANNs, where the underlying structure
of relationships between input parameters and their effects can be learned due to the
ability of ANNs to act as universal function approximators [47]. By focusing on relevant
features as inputs into ANNSs, these networks can learn more accurate and reduced-noise
approximations of the underlying nature of these input-output relationships [48].

Though the process of feature engineering can have significant benefits for the com-
putational requirements and performance accuracy of an RL model, the selection or
engineering of such features is not always trivial, and often requires an understanding of
the underlying environment dynamics and control problem characteristics. In the case
of the MXER tether system a simple feature engineering example may be to use the
tether tip position and velocity relative to that the payload as an input to the RL agent,
rather than the absolute positions and velocities of both the tether tip and the payload.
Such a change reduces the dimension of the input into the RL agent while potentially
simplifying the internal agent encoding of the distance and velocity difference between
these two points. Another example may be to augment the observed state with the
control input from the previous time step to improve the agent’s “understanding” of the
rate of actuator use and its practical limits.

3.2.2. Action Spaces

The action space of an RL agent defines the set of possible actions that the agent can
take at each time step. Actions can be discrete, such as choosing from a finite set of
options (e.g. left or right), or continuous, such as applying a force or torque within a
certain range. In the case of MXER tether systems, the actions might involve adjusting
the tether’s length or applying forces to an actuator mass [8].

Action limits and smoothness

When designing the action space, it is important to consider actuator-specific limitations,
such as actuator saturation or the maximum rate of change of control inputs. For
example, in order to protect actuator hardware it might be necessary to limit the actions
to a certain range. In some applications enforcing reasonably smooth and continuous
actions are crucial to either protect actuator hardware or to adhere to actuation actions
that are physically possible. This is particularly relevant for RL agents that are trained
using virtual or simulated environments, and are intended to be deployed on real-world
hardware. The consequences of rapid actuator use and unrealistic actuation rates might
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not have detrimental effects in the simulated environments, but may be catastrophic if
not prevented in real-world environments.

A variety of methods exist for enforcing or encouraging smooth actuator behaviour, with
the simplest method requiring only modification of the reward function to reward actions
that change minimally over time and penalise rapid changes. A slightly more advanced
method is to change the RL agent’s action output from a direct control action a,, to
an incremental action change Aa, with limits on the allowable increment values. This
approach effectively limits the rate of change of the action to the maximum allowable
action increment divided by the discrete time step of the environment evolution. While
the RL-environment-interaction often takes place over a fixed time step, this incremental
action approach might be unsuitable for environments with dynamics that evolve over
variable time steps, as the effective allowable action rate can then vary based on the time
step size if not appropriately handled. Another potential drawback of this method is the
need to augment the observed state passed to the RL agent with the previous control
action value a,_;, such that it can be used and learned as a basis for applying the next
control action a, = a,_; + Aa,. More advanced methods of obtaining smoother actions
also exist. An example of such a method is Conditioning for Action Policy Smoothness
(CAPS) [49], which modifies the loss function for the learned policy of an RL agent by
introducing two new loss terms, one for spatial and one for temporal action smoothness.

3.2.3. Reward Function Design

The reward function provides feedback to the agent about the desirability of its ac-
tions. Designing an effective reward function is crucial for the success of RL, as it guides
the agent towards the desired behaviour [37]. In many applications, the agent receives a
final or terminal reward upon completing the task or when an episode ends. However,
relying solely on such final rewards can make the learning process slow and inefficient,
especially in tasks with sparse or delayed rewards [43]. To address this issue, reward
shaping can be employed, where intermediate or frequent rewards are provided to guide
the agent towards the goal [50][51]. For example, in the context of tether control, while
the ultimate goal is to have the tether tip rendezvous with the payload by matching the
positions and velocities of both, other aspects like tether tension, rotational rate and
actuation rate may also be of importance. In such cases shaping the reward to encour-
age actions that reduce tether tension, limit rotational rate variation and discourage
excessive actuator use can be beneficial.

Although reward shaping is a reasonably accessible way to introduce soft constraints
into the RL agent, it is important to keep the reward function as abstract as possible
to avoid artificially limiting the exploration of the agent. Overly strict reward functions
may discourage the agent from exploring potentially beneficial states or actions, leading
to suboptimal policies [52].
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3.3. Model-Free vs. Model-Based Reinforcement Learn-
ing

Reinforcement learning methods can be broadly categorised into two main types; either
model-free or model-based, depending on whether they make use of an internal model
of the environment during their learning and decision making.

3.3.1. Definitions
Model-free approach

Model-free methods, learn a policy directly from interactions with the environment,
without explicitly modelling the environment’s dynamics within the agent. These meth-
ods do not require any prior knowledge of the system dynamics and purely rely on
trial-and-error experience with the environment [37] as depicted in Figure 3.3.

Actions Environment

RL I . ]
Algorithm ! eal Experience

_____________________

Figure 3.3: Model-free reinforcement learning with learning experience coming only from
environment interactions.

Model-based approach

Model-based methods leverage a model of the environment within the agent to plan
and make decisions [38]. Such an approach is depicted in Figure 3.4. This internal
environment model can be either:

o Explicit existing dynamic models: These are pre-existing mathematical mod-
els that describe the system’s dynamics, such as those based on physical equations
or system identification techniques.

e Learned internally using neural networks: These models are learned from
data collected through interactions with the environment. Neural networks are
commonly used to approximate the dynamics due to their ability to represent
complex, non-linear functions [53].
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Figure 3.4: Model-based reinforcement learning with learning experience coming from both real and
simulated environment interactions.

3.3.2. Comparative Discussion

Model-free and model-based RL methods each have their own strengths and weaknesses.
Model-free methods are generally easier to implement and can be applied to a wider
range of problems, as they do not require a model of the environment. However, they
often suffer from high sample complexity, meaning that they require a large amount of
data generated from environment interactions to learn an effective policy [37]. Model-
based methods, on the other hand, can be more sample-efficient, as they can use the
model to plan and simulate the consequences of actions without actually interacting
with the environment [54]. These simulated experiences can potentially run faster than
the real-time speed of the actual environment, allowing the agent to effectively plan
its real actions ahead of time based on their simulated outcomes. However, the prac-
tical usefulness of these simulated experiences rely on the accuracy of the learned or
provided environment model, which means that any errors or biases in the model can
lead to suboptimal or even unsafe policies [55]. Model-based methods also tend to be
more computationally expensive than model-free methods, as they involve planning and
optimisation over the model.

Table 3.1: A comparative overview of model-free and model-based reinforcement learning.

Feature Model-Free RL Model-Based RL
Sample Efficiency Generally lower Potentially higher
Computational Cost Lower Higher
at Runtime
Ease of Easier More complex
Implementation
Reliance on Model Not applicable High
Accuracy
Control Accuracy Can be high with Depends on model

sufficient data accuracy
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3.3.3. Suitability for Tether Dynamics

Reinforcement learning environments can generally take the form of a real-world, hardware-
based environment, such as autonomous driving or robotics, or virtual environments,
such as video games or high-fidelity simulations of real-world processes.

For the case where an environment is itself a simulation model, the model-free approach
is attractive for its reduced computational cost. Simulated environments can typically be
executed faster than their real-time, hardware-based counterparts, and are not subject
to physical degradation such as actuator wear or system breakdown. These advantages
diminish the importance of sample efficiency, making the model-free approach even more
suitable. In the case of space tether systems, and MXER tethers in particular which
remain in the conceptual and prototyping stages, research is inherently constrained to
simulation-based studies. These simulations often rely on simplifying assumptions that
sacrifice fidelity for speed, further reducing the cost of agent-environment interactions.
Consequently, sample efficiency is not a critical concern. Furthermore, widely adopted
RL libraries such as stable-baselines3 facilitate the implementation of model-free
algorithms with minimal overhead. Additionally, since the application of reinforcement
learning to MXER space tether control remains largely unexplored, starting with model-
free methods allows for the assessment of RL’s viability in this context without commit-
ting excessive resources to more intricate model-based alternatives that may ultimately
prove unsuitable. Taken together, these factors strongly support the use of model-free
reinforcement learning over model-based alternatives in the context of this work.

3.4. Common Reinforcement Learning Agent Architec-
tures

Besides their reliance (or lack thereof) on an internal environment model, reinforcement
learning algorithms can be categorised based on their underlying architecture. These
algorithms often fall into on of three main categories including value-based, policy-based,
and actor-critic architectures. The main idea(s), benefits and developments for each
category is briefly presented in following sections. For more in-depth information, the
reader is referred to [37].

3.4.1. Value-Based Architectures

Core Principles and Mathematical Relationships

Value-based architectures focus on learning a state-value function, V'(s), or an action-
value function, Q(s,a), which estimates the expected cumulative reward for each state
or state-action pair, respectively. The policy is then derived implicitly from the value
function, typically by selecting actions that maximise the output of one of these value
functions [37].

Benefits, Drawbacks, and Suitability

Value-based approaches lend themselves well to problems with discrete state and action
spaces, where a finite number of states or state-action pairs can be tested for value-
function maximisation. However, without modification these approaches are less suited
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to continuous action domains where finding the action that leads to a maximised value
function becomes intractable as the possible number of actions approach infinity. These
methods perform well in tasks with terminal rewards and low-dimensional state spaces
but often require function approximation such as Deep Q-Networks (DQN) in high-
dimensional problems [56].

Historical Perspective and Recent Developments

Classical methods such as SARSA and Q-learning emerged during the 1980s [57] and
1990s [58]. The integration of deep neural networks led to Deep Q-Networks (DQN) [56],
which marked a breakthrough in handling high-dimensional inputs. Variants like Double
DQN [59] and Dueling DQN [60] have since addressed issues such as overestimation bias
and remain state of the art for many discrete control tasks.

3.4.2. Policy-Based Architectures

Core Principles and Mathematical Relationships

Policy-based methods directly optimise a policy my(a|s) parametrised by € without ex-
plicitly learning a value function. The goal is to maximise the expected return J, which
serves as a measure of the policy’s performance [61].

J(Q) = [E7T9 [Gt] = I}:ﬂ'e |:i Pykrk] :
k=0

where 7 is the discount factor, and r is the reward at time step k. Maximising the
expected return is typically formulated as an optimisation problem over the parameters
0 for which policy gradient methods can be used to approximate the gradient for steepest
ascent optimisation approaches [38]. Applying the parameters that lead to a maximal
J to the parametrised policy, yields the desired (near) optimal policy 7*(als).

Benefits, Drawbacks, and Suitability

Policy-based approaches naturally handle continuous action spaces and can learn stochas-
tic policies [62], making them ideal for environments with uncertainty [63]. They avoid
the value-function maximisation step required by value-based methods but suffer from
high variance in gradient estimates and often require many samples[64][65]. Variance
reduction techniques—such as the use of baselines are common [66], though they blur
the line with actor-critic methods.

Historical Perspective and Recent Developments

Early work on policy gradients such as REINFORCE appeared in the 1990s [67]. Despite
challenges with high variance, subsequent developments like the use of baselines, natural
policy gradients [68], and trust region methods [69] have improved stability. Modern al-
gorithms like Proximal Policy Optimisation (PPO) incorporate surrogate objectives and
clipping mechanisms to limit policy updates, thereby improving robustness in continuous
control tasks [70].
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3.4.3. Actor-Critic Architectures

Core Principles and Mathematical Relationships

Actor-critic methods combine the strengths of both value-based and policy-based ap-
proaches by maintaining two networks: an actor, which represents the policy my(als),
and a critic, which estimates the state-value function V(s) or action-value function
Q(s,a). The critic, as the name implies, critiques the actions of the actor, thereby pro-
viding it useful feedback for improvement. As an example [71], the critic’s estimate of
the state value function V(s) can be used to compute an advantage function A(s,a)
which serves as a measure of the benefit of a particular action over the average value of
a given state.

A(‘S, CL) = Gt o V(S>7
This advantage is then used in the policy gradient update of the actor [72]

Vo (0) =L, [Volnmy(als) A(s,a)] .

The use of an actor-critic architecture with an advantage function can help to signif-
icantly reduce the variance of the policy gradient update [72] which helps to improve
model stability and convergence.

Benefits, Drawbacks, and Suitability

Actor-critic methods are highly versatile, operating efficiently in both discrete and con-
tinuous domains [73][74]. The critic’s value estimates lower the variance of the gradient
estimates and accelerate convergence [71]. However, the need to simultaneously learn
two functions adds complexity, and instability can occur if the critic’s estimates are
inaccurate [75]. They are well suited for tasks where managing long-term returns and
action variability is critical, such as robotics and autonomous control [76].

Historical Perspective and Recent Developments

Originating from ideas in the 1980s and formalised in the late 1990s, actor-critic methods
have evolved from linear approximators to deep architectures. Modern variants, such as
Asynchronous Advantage Actor-Critic (A3C) [77], Soft Actor-Critic (SAC) [78], and Dis-
tributional Soft Actor-Critic [79], incorporate techniques like entropy regularisation and
distributional value estimation to improve exploration and stability in high-dimensional
environments.

3.4.4. Additional considerations

Besides the overall value-based, policy-based or actor-critic architectures that algorithms
can fall under, there are numerous smaller underlying architecture categories and modifi-
cations that can change how an algorithm works. Some of these can be added or removed
from algorithms like Lego bricks, while others are more stringent, requiring significant
changes to the underlying algorithm. Two such additional architecture considerations
that has significantly improved algorithms are on- and off-policy learning, and hindsight
experience replay.



3.5. Reinforcement Learning in Control Systems 28

On- vs off-policy learning

As yet another categorisation, RL algorithms can fall into on-policy or off-policy cate-
gories. On-policy algorithms, such as Proximal Policy Optimisation (PPO) [70], learn
strictly from data collected using the current policy. In contrast, off-policy algorithms,
such as Soft Actor-Critic (SAC) [78], can learn from data collected using a different
policy, which allows for greater sample efficiency by reusing past experiences. Naturally,
such data from other policies requires storage for later reuse, which may lead off-policy
methods to greater memory and thus hardware requirements [80].

Hindsight Experience Replay

Hindsight experience replay (HER) is a technique that can improve the sample effi-
ciency of off-policy RL algorithms [81]. In HER, the agent not only learns from its
actual experiences but also from "hindsight” experiences, where it imagines that it had
a different goal than the one it actually pursued. This allows the agent to learn from
sparse or delayed rewards more effectively. HER is particularly useful for environments
with sparse rewards. This makes it attractive as a possible method for relaxing the need
for complicated or restrictive reward shaping [81].

3.4.5. Selected algorithm - Soft Actor-Critic (SAC)

Architecture type

Off-policy, actor-critic architecture

Key features

SAC is an off-policy actor-critic algorithm that incorporates the concept of maximum
entropy reinforcement learning [78]. This means that the agent not only tries to maximise
the expected return but also the entropy of its policy by acting as randomly as possible
[82]. This encourages exploration and makes the learning process more robust to noise
and other disturbances. (Packer et al., 2018). To mitigate overestimation bias from the
critic, SAC incorporates two action-value functions (two critics) and uses the minimum
prediction of the two for each policy update. For the first version of SAC, the exploration-
exploitation trade-off was controlled by a hyperparameter [82], but a subsequent version
learns a separate temperature parameter to automatically balance this trade-off [78§].

Success in tasks with high-dimensional state-action spaces

SAC has been shown to be effective in tasks with high-dimensional state and action
spaces, such as robotic claw manipulation [78] and robotic locomotion [83].

3.5. Reinforcement Learning in Control Systems

Reinforcement learning has emerged as a powerful tool in control systems, offering so-
lutions to complex, non-linear, and high-dimensional problems that traditional control
methods may struggle to address [84]. This section explores the relationship between
RL and conventional control strategies, highlighting the advantages of RL in various
applications.
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3.5.1. Conventional Optimal Control vs Reinforcement Learning

Traditional optimal control methods, such as Model Predictive Control (MPC) and
dynamic programming, typically rely on explicit models of the system dynamics and
solve optimisation problems to find the optimal control policy [85]. These methods can
provide strong theoretical guarantees on performance and stability, but they often require
accurate models and can be computationally expensive, especially for high-dimensional
systems.

Reinforcement learning, on the other hand, offers a more data-driven approach to optimal
control. Since RL algorithms learn from data generated through interactions with the
environment, the need for explicit models or pre-defined control laws is eliminated [37].
This makes them particularly well-suited for complex, non-linear systems where accurate
models are difficult to obtain [84].

RL algorithms have a few additional advantages over traditional optimal control meth-
ods, including being able to adaptability and scalability to control high-dimensional sys-
tems. Through continual training, RL methods can adapt to changes in the environment
or system dynamics by continuously learning from new experiences [86]. RL methods
have also been proven to excel with high-dimensional sensory inputs [56] while conven-
tional control methods can fall prey to the curse of dimensionality of high-dimensional
systems. A noteworthy drawback though, is that while some RL implementations can
offer stability guarantees [87], such guarantees are not always a focus of RL methods,
and should be explicitly included in the method design where required for control tasks
[84].

3.5.2. Applications in similar domains

Considering the benefits of RL over traditional control, it comes with little surprise that
RL methods have been successfully applied to a variety of non-linear control problems
as well as space-based applications. Some examples include:

e Non-linear dynamic systems: RL has been used to control various non-linear
dynamic systems, including robotic manipulators [88], autonomous vehicles [89],
and process control systems [90].

e Space applications: RL has found applications in several space-related control
problems, including spacecraft rendezvous and docking [91], satellite attitude con-
trol [92], and trajectory design [93].

These examples demonstrate the potential of RL for solving complex control problems
in domains with similar characteristics to tether control, such as high dimensionality,
non-linearity, and the domain of space and orbital dynamics.

3.6. Challenges and Limitations of RL in Control Systems

While RL methods can and have been used successfully for the control of dynamical
systems, there are a few important challenges and limitations of RL to take into consid-
eration before applying these methods to a control problem.
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3.6.1. Sample Efficiency

Reinforcement learning algorithms, particularly model-free methods, are often data-
hungry and require a large number of interactions with the environment to learn an
effective policy [37]. This can be a significant limitation in real-world applications or
computationally expensive environments, where data collection is time-consuming or
costly. For example, in high-fidelity tether simulations, each simulation run may take a
significant amount of time, limiting the number of interactions that can be performed
within a reasonable time-frame.

3.6.2. Transferability

Transferring learned policies from simulation to real-world applications or from simplified
models to more detailed simulators can be challenging. [94]. The discrepancies between
the training environment and the target environment can lead to a significant drop in
performance. This is often referred to as the “reality gap” or “sim2real gap”, with a
number of techniques having been proposed to address this issue [95].

3.6.3. Computational costs

Training deep RL agents can be computationally expensive, especially for complex tasks
and environments. Large-scale RL applications often require significant computational
resources, such as powerful CPUs, GPUs, and large amounts of memory. (OpenAl et
al., 2018). This can limit the applicability of RL to problems where such resources are
available.

Some approaches to reduce the computational costs and speed up the training of RL
include using more efficient network architectures [96] and making use of distributed
training [97]. After training, model compression techniques can make learned policies
more suitable for deployment on resource constrained devices [98].

3.6.4. Hyperparameter Tuning

Similar to gain tuning for transitional control methods, RL algorithms and their under-
lying neural networks may require tuning of hyperparameters for optimal performance.
The number of hyperparameters for different RL methods may become uncomfortably
large, which can make finding suited hyperparameter combinations a non-trivial and
time-consuming task. Several techniques are available for hyperparameter optimisation,
with common options including grid search, random search [99] and Bayesian optimisa-
tion [100]. Frameworks like Optuna [101] offer a way of automating the hyperparameter
tuning process.

3.6.5. Reward-goal Mismatch

As mentioned in Section 3.2.3, sparse rewards may lead to slow, inefficient learning while
overly strict rewards can artificially restrict an agent’s exploration. Another reward-
related phenomena to be aware of is so called “reward hacking”, where the agent finds
a way to exploit the reward function without actually achieving the intended goal [102].
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Reward hacking behaviour is often a symptom of a mismatch between the intended goal,
and the (mis)specified reward function’s conveyance of that goal to the RL agent [103].
Careful crafting of the reward function may remove or reduce this behaviour, but may
also lead to overly strict rewards. Reward function design may thus have to go through
several iterations before a reward function that sufficiently captures the true goal of the
agent is found.

3.6.6. Explainability and Interpretability

Deep RL policies, especially those represented by large neural networks, can be difficult
to interpret and understand. This “black box” nature of deep RL can be a serious
limitation in safety-critical applications, where it is important to be able to verify and
validate the behaviour of the agent [104]. While methods that provide some insights into
the behaviour of RL agents exist [105], developing more interpretable and explainable
RL algorithms remains an active area of research.



Research Gap and Opportunity

4.1. Research Opportunity

The literature review in the preceding chapters establishes that while Momentum Ex-
change with Electrodynamic Reboost (MXER) tethers present a transformative technol-
ogy for space transportation, their practical implementation is hindered by significant
control challenges. The primary obstacle is the extremely short rendezvous window for
payload capture, which is a direct consequence of the system’s non-linear, and high-speed
rotational dynamics. Although the literature details various control methods and actua-
tion configurations, a critical analysis reveals two principal gaps where further research
is needed.

First, while several mechanical actuation methods for controlling a tether’s moment of
inertia have been proposed, namely tip reeling, a climbing actuator mass, and a reel-
ing actuator mass, the comprehensive analysis of the latter two’s control authority has
largely been confined to librating (slowly oscillating) tethers. The performance of the
more complex climber and reeler configurations, when applied to the distinct, rotational
dynamics of a spinning MXER tether, remains largely unquantified. A direct, compar-
ative study is required to determine which of these configurations offers the greatest
potential for extending the rendezvous window in a MXER operational scenario.

Second, existing control strategies face a fundamental trade-off. Conventional optimal
control methods, such as iLQR, can provide robust and stable control but often rely on
simplified dynamical models, like rigid-body formulations, to remain computationally
tractable. Their performance and computational cost can degrade significantly when
applied to higher-fidelity models that include the elastic and non-linear effects inherent
in long tethers. Conversely, the literature on Reinforcement Learning (RL) presents
a compelling, data-driven alternative. Modern model-free RL algorithms, particularly
actor-critic architectures like Soft Actor-Critic (SAC), are inherently suited to solving
complex, non-linear control problems without requiring an explicit, and potentially sim-
plified, system model. By learning directly from interaction with a simulated environ-
ment, RL offers the potential to discover sophisticated control policies that are difficult
to derive using conventional techniques.

32
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Therefore, a clear research opportunity emerges from the intersection of these two gaps:
to perform a systematic investigation that, firstly, evaluates the comparative effectiveness
of different actuator configurations on a spinning MXER system and, secondly, provides a
direct comparison between a well-established conventional (near) optimal controller and
a modern DRL agent for this challenging control problem. Such a study would not only
address a specific gap in the tether control literature but also provide valuable insights
into the practical proof-of-concept application of modern machine learning techniques
to tether systems. This opportunity directly motivates the research questions and goals
outlined in the subsequent sections.

4.2. Configuration Definitions

This section provides a brief descriptive definition of the three configurations considered
in this work. The three configurations are depicted diagrammatically in Figure 4.1, with
annotations to identify their main components and the component motion relative to
the tether.

Control station

A
e N\
Climbing Reeling
actuator actuator
mass mass

~®1 !

Tether
reeling
capability
N J
g
Tether tip

Config. 1 Config. 2 Config. 3
(Baseline) (Climber) (Reeler)

Figure 4.1: Three main actuator configurations in literature. From left to right, tether tip reeling
(the typical MXER tether design), climbing actuator mass, and reeling actuator mass. Red arrows
indicate motion of masses relative to tether. All configurations support tether reeling at both the
control station and the tip, top and bottom red arrows are only omitted from config. 2 and 3 to
emphasise intermediate mass motion.

The first actuation configuration, depicted on the left in Figure 4.1, serves as the baseline
design. It reflects the conventional approach proposed for large-scale MXER tether
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systems [6], [28]. In this setup, the effective tether length is controlled by adjusting the
amount of tether unspooled from the end masses [106]. This relative motion is illustrated
by the red arrows in Figure 4.1. While traditional designs focus on reeling at the tether
tip, this work also incorporates reeling capability at the control station. By coordinating
reeling actions at both ends, the system can modulate the overall tether length and shift
the tether system’s centre of mass (COM). This enables partial, yet coupled, control
over two key aspects:

« Rotational arm of the tether tip: The distance from the COM affects the tip’s
position relative to the payload during capture.

+ Rotational moment of inertia: Changes in mass distribution (i.e. moment of
inertia) influence angular velocity via conservation of angular momentum, which
in turn affects the tether tip’s tangential velocity through the relation V, = rw.

Thus, the baseline configuration offers control over both the position and velocity of the
tether tip, though not independently.

This dual-end reeling capability is retained in the two enhanced configurations shown
in Figure 4.1, where intermediate actuator masses are added to augment rather than
replace the system’s degrees of freedom.

The second configuration of Figure 4.1, termed the climber, builds upon the baseline
by introducing a climbing actuator mass between the tether tip and control station
[35]. This actuator behaves like an elevator, a constant mass moving along the tether
without altering its length. The climber’s motion shifts the system’s COM, thereby
influencing the tether tip’s position and velocity through a lengthening or shortening of
the rotational arm. Additionally, the climber alters the mass distribution, affecting the
moment of inertia and angular velocity. A key advantage of this setup is its ability to
counterbalance COM shifts caused by tether reeling, or to accelerate changes in moment
of inertia more effectively than the baseline. These capabilities offer greater flexibility
in achieving desired control states.

The third configuration, known as the reeler, also features an intermediate actuator mass,
but divides the tether into two segments: one between the tip and actuator, and another
between the actuator and control station (configuration 3 in Figure 4.1). Unlike the
climber, the reeler mass can reel tether in and out. Reeling the first segment shortens the
distance to the tether tip; reeling the second segment brings the actuator (and tip) closer
to the control station. Simultaneous reeling of both segments allows dynamic positioning
of the actuator relative to both ends [20]. In this study, the actuator is configured to
affect only the segment connected to the tether tip. The reeler configuration retains the
advantages of the climber, with the added benefit of enhanced control over tether length
and its rate of change thanks to the third reeling mass. This results in a broader range
of achievable tether tip states during controlled payload capture.

4 3. Reference Tether System

Around the turn of the millennium, work from Tethers Unlimited, Inc. proposed the
Cislunar Tether Transport System, which would launch 1000kg payloads from low earth
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orbit (LEO) to a Lunar Transfer Orbit (LTO) once every 30 days [7]. Although other,
larger proposed MXER tethers also exist, like those intended for frequent Earth-Mars
travel, the Cislunar Tether Transport system will be used as a baseline tether design
due its increased short-term feasibility over larger systems. By building on this design
the three actuator configurations in Figure 4.1 can be tested to gauge their effect on
a realistic MXER tether system. An example of what such a system may look like is

shown in Figure 1.2. System masses, characteristics and orbital information are listed
in Table 4.1, 4.2, and 4.3.

Table 4.1: Mass breakdown of the Cislunar Tether Transport system components [7].

System component Mass
Payload 1000 kg
Tethe 8274 kg
Control station 15004 kg
Tether tip 650 kg

Total tether system (excl. payload) 23 928 kg

Table 4.2: General tether characteristics of the Cislunar Tether Transport system [7].

Tether characteristics Value Unit

Length 100  km
Tip velocity at catch 1555 m/s
Tip velocity at toss 1493 m/s
Rotational period 330 sec

Table 4.3: Parameters related to the payload and tether system orbits [7].

General (pre-catch) orbital information Payload Tether Unit

Perigee altitude 300 382  km
Apogee altitude 300 11935 km
Perigee velocity 7 726 9281 m/s
Apogee velocity 7 726 3426 m/s
Semi-major axis 6678 12537 km
Eccentricity 0 0.461 -

Inclination 0 0 deg
Orbital period 5431 13970  sec

Orbital period 90.5 232.8 min
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4.4. Research Questions

This section presents two main research questions and their supporting sub-questions:

RQ.1 How does the actuator configuration influence the controllability of the rendezvous
window of a rotating momentum exchange tether?

(a) What are the dominant dynamical factors affecting the tether tip motion and
rendezvous window in a simplified MXER system model?

(b) What are the key performance indicators (KPIs) for evaluating the controlla-
bility of the rendezvous window for the considered actuator configurations?

RQ.2 Can reinforcement Learning (RL) be used as an advanced control strategy to effec-
tively extend the rendezvous window for payload capture in a rotating momentum
exchange tether system?

(a) What are the suitable state and action spaces for representing the MXER
system and control inputs within a reinforcement learning framework?

(b) How do different reward function formulations impact the performance of the
RL algorithms?

(¢c) How does the chosen SAC RL algorithm [78] compare against the ILQR
controller in terms of rendezvous window extension and suitability to the
tether control task?

4.5. Project Goals

The three main goals of the proposed research project are:

G.1 To derive and implement a 2D tether dynamics model which can be used and
adapted to simulate and ultimately compare the dynamical behaviour of three
tether systems with different actuator configurations.

G.2 To implement an iterative linear quadratic regulator (ILQR) controller to establish
a baseline for the trajectory-tracking control of the 2D tether dynamics model.

G.3 To implement and test the model-free SAC RL algorithm [78]) as a control method
for the rendezvous dynamics of tether-payload capture.

4.5.1. Project Subgoals
1. To derive and implement a 2D tether dynamics model.

(a) To derive a generalised model suitable for all three considered tether config-
urations.

(b) To identify suitable control input(s) to the dynamics model for effective tether
tip control.

2. To implement an ILQR controller for trajectory tracking baseline performance
establishment.
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(a) To implement an ILQR controller capable of working with general, black-box
dynamics functions

(b) To expand the ILQR controller to incorporate general (soft) constraints on
the dynamics and controls.

3. To implement and test the model-free SAC RL algorithm for trajectory tracking
control of the tether dynamics.

(a) To implement a RL-friendly training environment of the tether dynamics.

(b) To compare the performance of the SAC RL algorithm against the ILQR
controller based on their suitability to the tether control task.

(¢) To identify the most impactful hyperparameters for the best-ranked RL model
and their relative effects on tether control performance.

(d) To improve the tether control performance of the RL algorithm through tun-
ing of commonly identified impactful hyperparameters.

4.6. Method Overview

The methodology used to address the two main research questions posed in Section 4.4
was broadly divided into four sections: (1) creating dynamical tether models, (2) apply-
ing a conventional control algorithm to these models, (3) setting up the best performing
model in an RL environment, and (4) creating, training, and evaluating RL agents. The
process outlined in Figure 4.2 followed sections (1) and (2) from left to right. A short
description of each of the main steps in Figure 4.2 is provided below:

)
R
L S
Config. 1
A
— Best config.
® (ILQR)
> + I%:B unconstrained
Config. 2 performance
@ Tether config.
A @ performe?nce
\ evaluation
|| ——/
Config. 3 IUn;onstraiand Constrained Best config.
N LQ Co:tro er AL-ILQR (AL-ILQR)
B and Controller constrained
Rigid-body aysian performance
. Optimisation
dynamic models Tuni
uning

Figure 4.2: Diagrammatic depiction of the methodology used to determine the best performing
tether configuration with ILQR as a conventional control method.

« Rigid-body dynamic models: A simplified, two-dimensional rigid-body tether
model was derived to be used in conjunction with a control algorithm for control-
ling the tether tip motion. The model was derived in such a way to accommodate
all three tether system configurations, with slight modifications where necessary.
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e Unconstrained controller and Bayesian optimisation tuning: A conven-
tional ILQR control algorithm was implemented to generate actuator commands
such that the rigid-body tether models could track a reference trajectory over time.
The control was subject to unconstrained tether dynamics to determine ideal track-
ing performance. In conjunction with this controller, three Bayesian optimisation
studies (one for each configuration) were conducted to tune the controller param-
eters to maximise the duration the tether tip spent within a specified position
and velocity tolerance relative to the payload. The controller tuning study was
conducted using the Optuna framework [101].

o Evaluate configuration performance: The trajectory tracking performance
of the three configurations under tuned control parameters was compared to the
uncontrolled trajectory as well as to each other to determine the best performing
configuration.

« Isolate best unconstrained performance: Based on the performance evalua-
tion, the best performing tether configuration under unconstrained conditions was
isolated for further study. Its unconstrained control performance was used as a
baseline for comparison in the next section on unconstrained RL control.

o Constrained controller: An ILQR control algorithm was implemented within
an augmented Lagrangian framework (AL-ILQR) to generate actuator commands
such that the identified, best-performing tether configuration could track a refer-
ence trajectory over time. The control was subject to constrained tether dynamics
to assess performance under more realistic operational conditions. The main con-
straint categories included tether tension limits, point mass g-load limits, and
limits on actuator use.

o Determine constrained performance: The trajectory tracking performance
of the best tether configuration under constrained control was determined. This
constrained control performance was used as a baseline for comparison in the next
section on constrained RL control.

Similarly, Figure 4.3 outlines the process for sections (3) and (4). A short description of
each of the main steps in Figure 4.3 is provided below:
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Figure 4.3: Diagrammatic depiction of the methodology used to determine the best performing RL
agent, and its comparison to the conventional control baseline. Note that steps may have been

revisited if iteration was deemed necessary during the project.

RL Environment: The dynamical model of the best performing tether config-
uration from the final step in Figure 4.2 was integrated into a custom Farama
Gymnasium! (previously OpenAl Gym) environment. The observation, action,
and reward spaces necessary for RL agent-environment interaction were defined.

Unconstrained RL agent training and hyperparameter tuning: The cho-
sen RL agent using the SAC algorithm [78] available in the Stable-Baselines 3
library was trained on the unconstrained environment defined in the previous step.
In conjunction with this training, a combined RL hyperparameter and reward pa-
rameter study was conducted to tune the RL controller’s underlying algorithm and
neural network hyperparameters, along with the reward parameters, to maximise
the duration the tether tip spent within a specified position and velocity toler-
ance relative to the payload. The hyperparameter study was conducted using the
Optuna framework [101].

Agent unconstrained performance evaluation: After training the tuned RL
agent on the unconstrained environment, its trajectory tracking performance was
evaluated, focusing on the duration the tether tip spent within a specified position
and velocity tolerance relative to the payload.

Compare unconstrained ILQR and RL control performance: The con-
trolled trajectories resulting from the unconstrained ILQR and RL controllers were
compared to determine their relative trajectory tracking and rendezvous window
extension performance.

Constrained RL training with tuned hyperparameters: After hyperparam-

!Farama’s Gymnasium is a standard and widely used interface for RL environments [107]
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eter tuning for the unconstrained RL agent, its underlying neural network and
reward parameters were used to train a new RL agent on the constrained environ-
ment.

e Compare constrained ILQR and RL control performance: The control
performance of the tuned RL agent was evaluated against the conventionally con-
trolled baseline under constrained tether dynamics to determine their relative tra-
jectory tracking and rendezvous window extension performance.

4.7. Planning
4.7.1. Work Breakdown Structure

The project work breakdown structure, shown in Section B.1 is divided into four phases:
developing dynamical models, controlling these models with conventional algorithm(s),
setting up RL environments, and creating, training, and evaluating RL agents for the
unconstrained and constrained cases. Under each phase various tasks and subtasks detail
the work completed. Some sub-tasks were repeated for each tether configuration.

4.7.2. Rough Timeline

A rough timeline of the overall project is given in Figure B.2 of Section B.2, with more
detailed timelines for each project phase in Figure B.3 to B.6. The durations for each
phase are listed in Table 4.4. Each of the phase durations were divided into nominal
and buffer times. The buffer times served as contingency plans in the event that one
or more subtasks of a project phase required more time than anticipated, and ended up
being necessary.

Table 4.4: Project phase approximate time allocations. Note that phases overlap in time.

Nominal Time Buffer Time Total Time
[Weeks] [Weeks] [Weeks]

9

Phase

1. Dynamical models 6 3

2. Conventional Control 6 2 8
3. RL Environments 4 3 7
4. RL Agents 6 3 9
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Abstract

Momentum Exchange with Electrodynamic Reboost (MXER) tethers transfer captured payloads to higher orbits
using a long, rotating tether. This transfer occurs through a momentum exchange from the tether to the payload, after
which the tether’s orbital energy is restored via electrodynamic thrusting. MXER tethers offer a sustainable, reusable,
and near-propellantless alternative to rockets for orbital and interplanetary transfer of payloads. However, the short ren-
dezvous window for tether payload capture, typically lasting mere seconds, presents a significant challenge to the use
of these tether systems. This research investigates the control of MXER tether dynamics, aiming to improve payload
capture success by extending the rendezvous window. This work compares three actuator configurations (a baseline
tip-reeling system, a climbing actuator mass, and a reeling actuator mass) previously studied for librating tethers, adapt-
ing them for a rotating MXER system based on the Cislunar Tether Transport System design. A 2D rigid-body model
is used to simulate the system dynamics. Initially, a conventional iterative Linear Quadratic Regulator (iLQR) estab-
lishes a baseline for control performance. Subsequently, the model-free Soft Actor-Critic (SAC) Deep Reinforcement
Learning (RL) algorithm is implemented and trained. Both control methods were tested with and without dynamic
system constraints. The performance of each configuration is evaluated based on rendezvous window extension and
constraint satisfaction. In the unconstrained case, the reeler configuration is shown to be the most effective, extending
the rendezvous window to 1.8 seconds from the 0.6 seconds for the uncontrolled case. The SAC RL algorithm matches
the performance of the tuned iLQR controller, but produces a less smooth control policy with sporadic actuator use.
The constrained control proved more challenging, with neither the augmented-Lagrangian iLQR nor the SAC-based
controller managing to extend the rendezvous window; the former was overly conservative, while the latter failed to
satisfy operational constraints.

Nomenclature Acronyms/Abbreviations
Symbol Meaning Units Term Acronym
Reowm COM orbital radius m Momentum eXchange Electrodynamic =~ MXER
R, Payload orbital radius m Reboost
L Tether length m Iterative Linear Quadratic Regulator iLQR
L; Spooled tether length on mass & m Augmented-Lagrangian iLQR AL-ILQR
o Orientation angle rad Reinforcement Learning RL
w Rotation rate rad/s Soft Actor-Critic SAC
m; i-th point mass kg Centre of Mass COM
Miot Total mass kg Degrees of Freedom DOF
d; Local distance of mass % m
dem COM offset m .
LE Earth grav. parameter km?/s? L. Introduction
Iom Moment of inertia kgm2 Tethered space systems present a revolutionary
Ty Gravity-gradient torque Nm approach to space exploration and transportation, of-
T Tether tension N fering significant benefits over traditional rocket-based
%% Rendezvous window S propulsion. The core advantages of these systems
~y RL discount factor _ stem from their capacity for momentum exchange and
B(t) Potential reward function _ electrodynamic propulsion, enabling manoeuvres that

are either propellantless or near-propellantless. These
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capabilities have given rise to a wide array of proposed
applications, from payload boosting and de-orbiting to
satellite deployment and space debris removal.

A particularly promising application is the Momen-
tum eXchange with Electrodynamic Reboost (MXER)
tether system. An MXER system typically consists of a
long, high-strength rotating tether with a counterweight
at one end and a capture mechanism at the other. By
rotating in an elliptical orbit, the system can capture a
payload from a lower orbit and subsequently release it
into a higher-energy trajectory. The energy transferred to
the payload is drawn from the tether’s orbital momentum,
which is later restored using electrodynamic thrusting
against the geomagnetic field, making the system reusable
and sustainable. Despite these advantages, the operational
viability of rotating MXER tethers faces a significant
challenge: the rendezvous and capture of the payload.
The rendezvous window at the tether’s tip is extremely
short, typically on the order of seconds, demanding highly
accurate prediction and control of the tether’s dynamics
and precise guidance of the payload. Extending this brief
window could drastically improve the feasibility and
reduce the complexity of the payload capture effort.

This research aims to build upon these findings by
investigating different actuator configurations and control
methodologies to extend the rendezvous window. This
paper addresses this by, firstly, adapting two actuator
configurations previously studied for librating tethers,
namely a climbing actuator mass and a reeling actuator
mass, to a rotating MXER system to evaluate their control
potential.  Secondly, it moves beyond conventional
control techniques by implementing a modern Deep
Reinforcement Learning (RL) algorithm to manage the
system’s complex, non-linear dynamics. RL is particu-
larly attractive for this task due to its ability to handle
high-dimensional state spaces.

This paper is structured as follows: Section 2 provides
a background on the control methods and the reference
tether system. Section 3 details the 2D rigid-body dy-
namic model of the tether system. Section 4 outlines the
implementation of the conventional and RL-based con-
trollers. Finally, Section 5 presents and discusses the re-
sults of the comparative analysis, followed by conclusions
in Section 6.

2. Background
2.1 Reference MXER tether

The analysis in this paper is grounded in a realistic
baseline design to ensure the relevance of its findings. The

TIAC-25-95733

chosen reference system is the Cislunar Tether Transport
System, originally proposed by Tethers Unlimited, Inc [1].
This system was selected for its detailed design and its rel-
ative near-term feasibility compared to larger, more ambi-
tious MXER tether concepts. It provides a credible frame-
work for testing the three actuator configurations shown in
Fig. 1 and evaluating their impact on the performance of a
representative MXER tether system. The key mass prop-
erties, tether characteristics, and orbital parameters of the
baseline design are summarised in [2] and in the support-
ing material to this paper [3].

2.2 Tether configurations

The challenge of controlling tether dynamics to extend
the payload rendezvous window has been approached us-
ing various actuator configurations. Previous work in this
domain has predominantly focused on the control of librat-
ing tethers, which undergo a slow, pendular motion. This
research adapts two such established configurations, de-
picted in Fig. 1, to the more dynamic context of a spinning
MXER tether system to evaluate their comparative perfor-
mance against the baseline Cislunar Tether Transport Sys-
tem configuration.

Control station

N
s R

© @©@ @

Climbing Reeling
actuator actuator
mass mass
Tether
reeling
capability
N J
~
Tether tip

Fig. 1. Three different tether system configurations. From
left to right, the baseline, climber and reeler configura-
tions.

The first configuration, the baseline, involves reeling
the tether in or out at the tether tip and control station. This
directly controls the effective length of the tether, and con-
sequently the position of the tip, by increasing or decreas-
ing the length of the unspooled segment. All subsequent
configurations share the ability to reel in or out portion
of the tether at the control station (i.e. the counterweight)
and tether tip.
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The second configuration features a climbing actuator
mass. This “climber” is an auxiliary mass that traverses
the length of the tether, moving between the control sta-
tion and the tether tip. During its motion, this intermedi-
ate mass remains constant, and does not affect the tether
length. Its movement does however indirectly influence
the tether tip’s position by altering the overall mass distri-
bution and dynamics of the system.

The third configuration, termed the “reeler”, employs
an intermediate actuator mass that divides the tether into
two distinct segments. This intermediate mass, like the
control station and tether tip, has reeling capabilities,
though limited to the tether segment between it and the
tether tip. By reeling the first segment in, the distance be-
tween the actuator and the tether tip is reduced. Similarly,
reeling the second segment at the control station alters the
distance between the actuator and the control station. Co-
ordinated reeling of both segments allows for control over
the position of the actuator mass relative to the tether’s
endpoints as well as the overall tether length, thereby con-
trolling the system’s dynamics and the ultimate position
of the tether tip.

While the latter two configurations have been success-
fully applied to control librating tethers, their effective-
ness in the high-speed, rotating environment of an MXER
system has not been thoroughly investigated. This paper
therefore undertakes a direct comparison of their potential
to extend the payload capture window under these more
demanding conditions.

2.3 Augmented-Lagrangian iLQOR

Trajectory optimisation is a powerful framework for
controlling complex dynamical systems, summarising an
underlying optimisation problem that seeks to minimise
a cost function subject to dynamics and path constraints.
These problems are typically discretised in time, leading
to discrete optimisation problems solved by either direct
or indirect methods. Direct methods treat states and
controls as decision variables and utilise general-purpose
non-linear programming solvers, often transcribing the
problem via direct collocation. While robust, direct
methods can be slow and require large optimisation
packages. In contrast, indirect methods such as the
iterative Linear Quadratic Regulator iILQR) exploit the
Markovian structure of the problem, implicitly enforc-
ing dynamics by simulating them forward [4]. These
methods break the problem into a sequence of smaller
sub-problems and improve on simpler shooting methods
by incorporating a feedback policy during forward simula-
tion. iLQR’s fast computation low memory requirements
can make it suitable for embedded implementation in
some cases, however, the standard method is considered
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less numerically robust and not suited for handling non-
linear state and input constraints without modification [5].

The augmented Lagrangian iLQR (AL-iLQR) ap-
proach adds constraint handling capabilities to the stan-
dard iLQR method [4]. The core of AL-iLQR lies in
the conventional iterative LQR approach, where at each
step, non-linear costs and dynamics are approximated us-
ing first order Taylor series expansions, transforming the
problem into a sequence of discrete LQR sub-problems
that optimise deviations about a nominal trajectory. After
an initial rollout, the algorithm proceeds through a back-
ward pass and a forward pass. In the backward pass, the op-
timal feedback policy (comprising feed forward and linear
feedback gains) is computed by starting from the end of
the trajectory and working backward, leveraging dynamic
programming principles. Following this, the forward pass
updates the nominal state and control trajectories by simu-
lating the dynamics forward, applying these computed op-
timal feedback gains. A crucial component of the forward
pass is a line search, which scales the feed forward term
to ensure that each iteration results in an adequate reduc-
tion of the overall cost, driving the solution toward conver-
gence. To handle additional path constraints, iLQR is em-
bedded within an augmented Lagrangian framework. This
involves augmenting the cost function with Lagrange mul-
tipliers A and penalty terms p for the constraints g(x, u) as
shown in Eq. 1. During each “inner” iLQR solve, these A
and p terms are treated as constants. After the inner iLQR
converges to a solution, the Lagrange multipliers are up-
dated, and the penalty terms are monotonically increased.
This process of inner iLQR solves followed by updates to
the dual variables and penalties forms the outer loop of
the augmented Lagrangian algorithm, iteratively improv-
ing constraint satisfaction and optimality [4].

tr
J = x}FQfxf + / 2" Qx + u' Ru dt

to

123
+ [ Ngla) + Solea) Lo e )

to

A simple modification to the cost function in Eq. 1 en-
ables state tracking, rather than just simple regulation to-
ward zero. This is achieved by replacing the continuous
and final states x, and x; with the actual and target state
differences of the form Az = = — ... The controller
then determines the control values u such that x — ..y
subject to the constraints and the chosen cost coeflicient
matrices @, Q¢ and R.

The AL-iLQR process for finding a suitable trajectory
is captured in the following steps:
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1. Initialise a nominal control sequence and algorith-
mic parameters (e.g., tolerances, penalty coefficients,
scaling factors).

2. Outer Loop (Augmented Lagrangian):

(a) Inner Loop (iLQR):

* Backward Pass: Linearise cost and dynam-
ics around the nominal trajectory to com-
pute feedback and feed forward terms.

e Forward Pass: Roll out dynamics using
the updated control policy and apply a line
search to ensure cost reduction.

e Repeat until inner convergence criteria
are met (e.g., low cost reduction, small
feed forward terms, or maximum iterations
reached).

(b) Update constraint terms: After inner iLQR con-
vergence, adjust Lagrange multipliers (\) and
penalty scalars (1) based on constraint viola-
tion.

(c) Convergence check: Repeat outer loop if con-
straint satisfaction or cost reduction are insuffi-
cient.

2.4 Bayesian optimisation

Bayesian optimisation is a powerful methodology for
optimising “black-box™ objective functions. It is particu-
larly well-suited for scenarios where objective functions
are costly to compute, cannot be evaluated exactly (due to
noise or indirect mechanisms), or offer no efficient mech-
anism for estimating gradient information [6]. This ap-
proach has demonstrated success across various fields, in-
cluding sciences, engineering, and notably, hyperparame-
ter tuning of complex machine learning models under lim-
ited observation budgets [7]. At its core, Bayesian optimi-
sation relies on Bayesian inference, which systematically
uses probability to reason about uncertain quantities, treat-
ing the objective function as a random variable. A statis-
tical surrogate model, commonly a Gaussian process, is
maintained to represent the current belief about the ob-
jective function, capturing assumptions like smoothness
and correlations. This probabilistic model quantifies un-
certainty across the domain. The optimisation policy then
leverages this uncertainty by evaluating the merit of po-
tential observation locations using an acquisition function,
which balances exploitation (sampling promising regions)
with exploration (sampling uncertain regions to gain infor-
mation) [6].

A typical Bayesian optimisation process follows the
steps outlined below [6]:
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1. Initialise the dataset: Begin with either an empty
dataset or a small set of initial observations. These
initial points are typically collected using model-
independent methods such as (quasi)random sam-

pling.

2. Construct initial surrogate model: Use the initial data
to construct a statistical surrogate model that approx-
imates the objective function.

3. Iterative optimisation: Repeat the following steps un-
til a termination condition is satisfied:

(a) Inspect the current dataset DD and surrogate
model.

(b) Select the next query location x by maximising
the acquisition function over the input domain.
This optimisation is significantly cheaper than
evaluating the actual objective function.

(c) Evaluate the true objective function at x to ob-
tain the corresponding observation .

(d) Update the dataset with the new sample (z, )
and refine the surrogate model using Bayesian
inference.

4. Check termination condition: This could be based on
a fixed evaluation budget, convergence threshold, or
other criteria.

5. Return the optimal solution: Identify and return the
input x that is predicted to yield the maximum value
of the objective function.

3. Rigid-body model
3.1 Orbital and geometric definitions

As part of the rigid-body tether model, the following
assumptions are made: 1. the payload and the tether’s
COM follow unperturbed, counter-clockwise, circular and
elliptic Keplerian orbits respectively, 2. the tether rotates
about its COM in a prograde direction in the orbital plane,
3. no external forces act on the tether other than Earth’s
Newtonian gravity, 4. the tether is modelled as a continu-
ous, rigid rod with a time-variable length, 5. the tether has
a constant linear density along its length, 6. other tether
components such as the counterweight (also known as the
control station), tether tip, and any intermediate masses
are modelled as point masses with time variable mass, 7.
the tether length and point mass positions along the tether
are controlled with reeling and unspooling of the tether
inside each point mass. The orbital configuration result-
ing from these assumptions is shown diagrammatically in
Fig. 2.
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Tether —

Fig. 2. Orbital configuration of the payload and tether in
inner circular and outer elliptical orbits respectively,
with the Earth-centred inertial frame OXY. Not to scale.

The payload and tether orbits are set up in such a way
that the tether will align perfectly with the radial vector
from Earth at the point of perigee. At this point in time,
referred to as the nominal capture point, the tether tip and
payload have the same position and velocity states.

The tether model accommodates two or more point
masses, with the minimum requirement being the two end
masses. The i point mass m; is located at a distance
d; from the tether tip, which is designated m,. Each d;
is measured in a body-fixed, tip-centred reference frame
aligned with the tether’s orientation. Similarly, the COM
offset distance dc s is measured from m;. By definition
d; = 0 and do = L. The tether’s orientation angle « is
measured relative to the global horizontal. These defini-
tions are depicted in Fig. 3. For the upcoming rotational
kinematics, it is useful to express a point mass’ distance
from the tether system’s COM as a scalar radius value
given in Eq. 2. It is further helpful to express the tether
system’s orientation by a simple unit vector in the OXY
frame, tangent to the tether length and defined to be posi-
tive from m4 to my in the body fixed frame

ri =d; —dcoum 2
. cos
€ = Lin a} &)

3.2 Kinematics

The ultimate goal is to control the tether system in such
a way that the tether tip’s state (position and velocity) is
as close to the payload’s state for as long as possible. It
is therefore necessary to determine the state of the tether
system’s point mass(es) at any time during the simulation.
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Legend

ﬁ Centre of Mass
O Point Mass

Fig. 3. Distance measurements of point masses along the
tether relative to the tether tip, as well as the definition
of the orientation angle relative to the OXY frame. Not
to scale.

This is done via kinematic relations. The position and ve-
locity vectors of a generalised point mass ¢ in the global
OXY frame are given by

Ri = Rcm + Tiét (4)
Ri = Rcm + T‘Zét +w X ’I”iét (5)

Eq. 4 and 5 are simply the kinematic relations for a
moving point in a moving and rotating reference frame.
The point mass vector results from these relations are de-
pendent on the tether’s rotation rate w, the mass’ location
on the tether 7;, and the rate at which its location on the
tether changes or 7;.

3.3 Dynamics

During its operation, the tether system is subject to
time-varying gravitational and control forces. These
forces influence the *; and w values in Eq. 5, which in turn
has an affect on Eq. 4. To study these time-varying affects,
we turn our attention to the tether system dynamics.

Based on the measurement definitions in Section 3.1,
the tether’s scalar rotational equation of motion can be de-
fined as

Ty =Iom o+ Ioyw (6)

along with the vector-form equation of motion for the gen-
eralised point mass m; in the OXY frame

m;R; +m; R; = AT, +m; g; (N

Page 5 of 18



76" International Astronautical Congress (IAC), Sydney, Australia, 29 September - 03 October 2025.

Copyright © 2025 by By Mr. Zander du Toit, Published by the IAF, with permission and released to the IAF to publish in all forms. All rights

reserved.

The continuous tether’s equation of motion is given by

pR=T +pg (8)

with p the tether density per unit length, and 7" the spatial
tension derivative along the tether.

Now that the equations of motions have been broadly
defined, some of their terms will be defined in more detail.
First, it should be noted that the gravitational torque on
the left hand side of Eq. 6 includes the distributed gravi-
tational forces on the massive tether and the forces on the
discrete point masses. Its vector form is calculated at any
point in time via

N
To(t) =Y _[di x Fyi] + [ du(s) x dF, )
i=1

T —

fiem s (s

The point mass and tether segment global position vectors
in Eq. 9 can be further expanded to

Ri - Rcm. + (dz - dmn)ét (10)
Ry(s) = Remn + (s —dem)és (11)

where R;(s) is a parametrisation along the tether length
with s € [0,L], and s = 0 defined at m;. The tether
system’s moment of inertia is calculated from the contri-
butions of the discrete masses and the continuos tether via
Eq. 12. The moment of inertia time derivative, also used
in Eq. 6, is given in Eq. 13.

Ion = Z mir; (L dom)® +dgy]  (12)
N

Ton =) [mar? + 2marid) (13)
=1

+ g {(L —deum)? (L - dCM) + dszdCM}

The values for Iy, and T o depend on the COM offset as
measured from the tether tip, and its rate of change. These
are given by Eq. 14 and Eq. 15 respectively

( pL? + Zd m1> (14)

doy =
Mtot

dcm =

1 X, .
o <pLL +3 {dimi " dimi}> (15)

i=1
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Each discrete point mass is modelled as having two mass
components, namely a fixed and variable component as
shown in Eq. 16. The fixed mass term encapsulates all non-
reeling related mass of the point, while the variable mass
term accounts for variation in the length of the spooled
tether segment contained within the mass at any point in
time. The mass rate of change of each point mass is thus di-
rectly proportional to the length rate with which the tether
is reeled in or out at that mass, as shown in Eq. 15. Reel-
ing in the tether at any point mass is defined as a positive
mass (gain) rate.

m; = myo + pL; (16)

i = pLi (17)

Returning to Eq. 7 for a moment, the acceleration term
on the left hand side of Eq. 7, can be expanded using the
rotating reference frame relation acceleration as in Eq. 18

R; = Royy + 7€ + (2w X 7€)

+ (WX 71i€) + w X (W X 1;€4)

(18)

Since the tether is modelled as a rigid-body, Eq. 18 not
only applies to the point masses, but also to any point s
along the tether if a parametrised value r(s) is used in-
stead of ;. The s parametrisation is the same as specified
in Eq. 11. This just leaves the AT; term in Eq. 7 to be
defined. This change in tension over a point mass relates
the tension in the tether on either side of a point mass, as
shown in Eq. 19. The two end points are special cases of
this relation.

AT, =Ty —Ti_
AT, =Ty —-0="T,
AT, =0T, = T,

(19)

The generalised, scalar value for AT; is found by substi-
tuting Eq. 11 and Eq. 18 into Eq. 7, and taking the dot
product with é;, which yields

AT = i [(Rom, €0) + 7 — wr; — {gi, &)

i [ (Rom, €0) + 74 (20)
Thus the two equations 6 and 7 are now fully defined in
terms of the rotation state variables (o & w), along with
the d;, dZ, d and L;, Ll, L variables.

The d;, dl, d variables can be eliminated from the set
of dependent variables by considering the model assump-
tion of an inelastic tether, along with overall length con-
servation of the tether.

The overall tether consists of one or more segments,
with each segment falling between between point masses.
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The length of each segment is comprised of two compo-
nents, namely the unspooled section and the spooled tether
sections on each of the contributing point masses. For ex-
ample, the first tether (i.e. the “baseline”) configuration
described in Section 2.2 has one tether segment, defined
between each of the end masses m; and ms. Both of
these point masses have a portion of the tether segment
spooled internally. Similarly, the third tether configura-
tion (i.e. the “reeler” configuration) has two segments;
one between mq and mg3, and the other between ms and
mg. For the reeler configuration, point masses m; and
ms have a portion of the first tether segment spooled inter-
nally, while only m has a portion of the second tether seg-
ment spooled internally. Under the model’s assumptions
of an inelastic tether and length conservation, the length
of each segment is constant, and the length of all segments
can be determined with the vector equation:

L, =D+ HL! (21)

where the segment lengths, point mass distances from
m and spooled tether lengths inside each point mass are
given by Eq. 22, 23, and 24 respectively.

Ls=[ls1 ls2 ls(n-1)] (22)
D =[dy ds dn] (23)
Li=[L Ly L] (24)

The H in Eq. 21 is an [N — 1 x N] matrix comprised
of element-wise Heaviside step functions that effectively
determine which point masses have a spooled portion of
each tether segment. The full H matrix is given in Eq. 25.

Hdy—dy) H(ds — do) H(ds — du)

| H(ds —dy)  H(ds —do) H(ds — dy)
H(dy —dy) H(dy — do) H(dy — dy)
(25)

The Heaviside step function H () is defined as 0 forz < 0
and 1 for x > 0.

For the case of three point masses, the H matrix sim-
plifies to a constant [2 x 3] matrix since the third point mass
always falls between my and mo, such that d; < ds < do,
with d; = 0 and dy = L by definition. This makes the H
matrix trivial to invert, and the point mass local distance
values can be easily determined by solving for D; from
Eq. 22 given that elements of L; are known.

The values for di and d',i can be determined in terms of
L; and L;, by taking the first and second time derivative
of Eq. 21, respectively. The constant Lg vector falls away
under differentiation, resulting in Eq. 26 and Eq. 27

TIAC-25-95733

D;=-H"L,
D;=-H"L,

(26)
27

After this variable elimination process, the dynamic
system is fully defined by the time ¢, the rotation state «
and w, and the L;, Li, Ll values for each point mass.

It should be noted that the H matrix in Eq. 25 un-
dergoes slight modification for the case of the second
“climber” tether configuration. Since the intermediate
climber mass does not accumulate nor disperse part of the
tether, and the tether simply passes through it, all its con-
tributions to the H matrix are set to zero, except for the
case where H(d3 — d3) = 1. This is done because the
Ls, Lg, and Lg take on a different meaning in this case, as
the position, velocity and acceleration relative to this point
mass’ starting point on the tether, rather than the length,
length rate, and length acceleration of the spooled tether.
This was done such that the same model can be used for
all three configurations with only minor changes.

3.4 Tether tension

Next, the attention is turned toward determining the
tension along the tether. By solving for R from Eq. 8,
and equating this result to that of Eq. 18, an expression
for the spatial tension derivative along the tether is found.
Since the tension is only defined along the tether direction,
taking the dot product of this tension derivative expression
with the orientation unit vector yields a scalar differential
equation for 7" (s).

T'(s) = p |{Rem, €r) + 7(5)
—wPr(s) - (g(s). &)

By noting that the tension jumps described by Eq. 20
are effectively boundary conditions at each of the point
masses, the tension distribution along the tether can be
determined at each point in time by solving Eq. 28 as a
boundary value problem. Under the modelling assump-
tions of a rigid tether, the #(s) term is everywhere along
the tether, except at the point masses where it reduces to
#;. For moderate #; values, Eq. 28 is dominated by the
centrifugal w?r(s) terms, and thus the tension profile ef-
fectively follows a quadratic profile between point masses,
with discrete jumps in tension before and after a point
mass.

(28)

3.5 Tether control

Though there are various ways of controlling the tether
dynamics described in previous sections, this work opted
to use the L, reeling acceleration values for each point
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mass as control inputs. This choice has the advantage
of being a straight forward and independent control input
into the system’s dynamics, while also ensuring state con-
tinuity despite non-smooth and possibly interrupted con-
trol commands. By specifying the L; value for each point
mass at each point in time, the remaining Li, L;, o and w
state components can be determined by integration from
an initial state.

As previously noted, each point mass has a fixed length
of internally pre-spooled tether, except for the interme-
diate actuator mass of the climber configuration. Thus
the control implementation should guard against the de-
pletion of this pre-spooled length below zero and prevent
it from increasing beyond a specified limit value L] dur-
ing the simulation of the controlled dynamics. This can
be achieved with a simple variable transformation of the
spooled length value L; to variable z; with the use of a
scaled sigmoid function given in Eq. 29. The transforma-
tion keeps L; € [0, L;], while letting z; change as needed.

1

io(z) 1+ exp(—2)

with o(z;) = (29)

Since L, serves as the control input, an expression for its
transformed counterpart Z; is needed. Taking the first and
second time derivatives of Eq. 29 and solving for the 2;
and Z; values yield

L, L

v 521
Lioll — o)’ = Lio[l — o] &l = 20] 30)

2 =
With this transformation, Eq. 29 can be used to simu-
late the spooled length dynamics of the tether system in the
z; domain, while still accepting the L; control inputs and
allowing the L, and Li values to be calculated as needed.
Crucially, this transformation has no effect on the rotation
state variables v and w, which are used as described in
Section 3.3.

3.6 Payload capture

It should be noted that this work does not consider the
physical capture of the payload or the dynamics resulting
from payload capture, but rather focuses on extending the
rendezvous window before capture. However, the model
derived in this section can be adapted to include such a
capture. This is done by updating the tip mass to account
for the payload mass and adjusting the tether orbit’s semi-
major axis to reflect the momentum transfer at the point in
time where capture occurs. The remainder of the model
remains valid and can be used without any further modifi-
cations.

TIAC-25-95733

4. Method
4.1 Equivalent configurations

To enable a fair and meaningful comparison between
the proposed tether configurations, several key require-
ments were imposed. Firstly, all configurations were con-
strained to operate within identical orbital parameters for
both the payload and the tether system. Secondly, each
tether was required to maintain the same centre-of-mass
(COM) offset from the tether tip, ensuring that the tether
tip could reach the payload precisely at the perigee point
during capture. Additionally, the total system mass was
held constant across all configurations, and the rotational
kinetic energy was preserved to ensure dynamic equiva-
lence.

Beyond these constraints, the tether length and its lin-
ear mass density were also kept constant. This uniformity
in physical parameters ensured that any observed differ-
ences in system behaviour could be attributed solely to the
configuration of the tether masses, rather than to variations
in fundamental properties. To further ensure equivalence,
the moment of inertia of each tether system was matched
as closely as possible to that of the baseline configuration.
This was critical in maintaining a consistent angular ve-
locity, w, for the uncontrolled tether, thereby ensuring that
the tip speed during an uncontrolled approach to the pay-
load remained nearly identical across all configurations.
Achieving this required solving a constrained optimisation
problem. Specifically, the objective was to minimise the
squared difference between the target and actual moments
of inertia, subject to the constraints of equal total mass and
identical COM offset. Once the optimal mass distribution
is identified, the angular velocity w can be computed us-
ing the relationship derived from rotational kinetic energy,

given by E,oy = S Icpw?.

A basin hopping algorithm [8] from the SciPy library
was employed to solve this optimisation problem, with
multiple runs conducted to ensure convergence to a global
minimum. The optimisation yielded the mass values for
the three point masses comprising the tether system, as
well as the local position of the actuator mass relative to
the tether tip. The resulting parameters are summarised in
Table 1. The final moment of inertia and angular velocity
differed from the baseline configuration by only 0.006%
and 0.003%, respectively. Consequently, the variation in
the tether tip’s uncontrolled approach velocity was negli-
gible, less than one centimetre per second, rendering the
three configurations effectively indistinguishable in this
regard.
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Table 1. Tether system mass distribution parameters for
the baseline, climber and reeler tether configurations.

Parameter Baseline Climber & Unit
Reeler

my 650 615 kg

mo 15004 14640 kg

mg - 615 kg

ds - 59.18 km

4.2 Uncontrolled baseline performance

To get a baseline for the rendezvous window duration,
the uncontrolled reference tether (baseline) configuration
was simulated over a 12 second window using the
RK45 integrator with state evaluations every At = 0.1
seconds. This simulation was centred at perigee with the
nominal capture point at ¢ = 0 with ¢ € [—6, 6] seconds.
Realistically, performing payload capture at an instant is
unfeasible. Thus the capture mechanism at the end of the
tether tip needs to accommodate positional capture errors
of several metres and velocity capture errors of a couple
of metres per second [9] [10]. A Monte-Carlo analysis
of the model presented in Section 3 was performed in
supporting work [3] to test the model’s response to uncer-
tainties in its defining parameters. This analysis showed
that a positional tolerance of 10 metres was sufficient
to accommodate all positional capture errors for the
modelling assumptions specified in Section 3. A liberal
value of 10 m/s was applied to the velocity tolerance,
although this value is at the upper end of what can be
considered reasonable for a capture mechanism (similar
to that presented in [9]). The capture requirements for
the tether system can of course be relaxed slightly if the
payload contributes to error correction through corrective
manoeuvres at the expense of propellent expenditure.

To formalise the concept of the rendezvous window,
we first define the set of time instances during which both
the position and velocity of the tether tip remain within
specified tolerances relative to the payload. Mathemati-
cally, this is expressed in Eq. 31 as

Sw = {t € [to, t] ‘ AR() < er A AR() < ev}

31)
AR(t) = || Rip(t) — Rypaytoaa ()] (32)
AR(t) = || Rip(t) — Ripaioaa(t) || (33)

where ¢, = 10 m and ¢, = 10 m/s are the position and
velocity tolerances, respectively. The rendezvous set Sy
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thus represents the set of time intervals during which the
tether tip is sufficiently close to the payload in both po-
sition and velocity for the capture mechanism to initiate
capture. The rendezvous window W is then defined as the
length (in seconds) of the longest continuous subinterval
7 C Sy of this set.
W = max (length(7)) (34)
T7CSw
This duration serves as the performance metric for the
optimisation process described in the following section.

4.3 Unconstrained iLQR Control

To compare the respective rendezvous window ex-
tension performance of the respective configurations,
the AL-iLQR controller was used to control the tether
dynamics without any constraints. By dropping the
constraint terms from Eq. 1 the AL-iLQR is reduced to
a conventional iLQR controller. The trajectory-tracking
form of the iLQR controller was used to drive the tether
tip’s X and Y position and velocity components to toward
matching those of the moving payload as measured
in the global OXY frame. Although no general state
or control constraints were imposed in this section,
saturation limits were placed on the control values such
that L; € [~100, 100] m/s2. These limit values served as
cut-off points to prevent excessive control commands.

Despite similar overall tether motion between configu-
rations, their tip behaviour can differ due to the different
actuation methods and degrees of freedom present in these
configurations. Thus, the iLQR cost coefficient matrices
Q. Q and R were tuned independently for all three con-
figurations. For finer tuning of the controller, the @ and
Q7 matrices were further subdivided into positional and
velocity components according to Eq. 35 and Eq. 36. The
R matrix was defined as a diagonal [N x N] matrix for
the tether’s [V point masses, with a single R,, value along
the diagonal.

Q = diag(Qra Qra Qva Qv)
Qf = diag(er, Qf7‘7 vav va)

During experimentation with the different tether con-
figurations, it was noted that configurations performed
better or worse at different simulation durations. For this
reason the simulation duration was added to the Q, Q
and R matrices (and sub-elements where applicable) as a
tuning parameter.

(35)
(36)

The tuning the controller for each configuration was
formulated as an optimisation problem where the ren-
dezvous window, as defined in Section 4.2, should be max-
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imised. For this optimisation the diagonal elements of Q,
Q; and R were bounded to the range [10, 10%] as contin-
uous variables, and the simulation duration was limited to
the categorical set of [8, 9, ..., 15] seconds.

The optimisation was performed with the Optuna
library, which is an open source hyperparameter optimisa-
tion framework that makes use of Bayesian optimisation
[7]. This optimisation framework is ideal for the con-
troller tuning, since the calculation of the rendezvous
window is effectively a black-box objective with no
efficient options for estimating gradient information. As
a general rule of thumb for the use of Bayesian optimi-
sation, it is typically recommended to use a number of
trials equal to ten times the number of decision variables
(or more, depending on resource availability and time
constraints). This recommendation is made such that
the underlying Bayesian surrogate model can create a
useful approximation of the objective function. Thus
60 trials were used for the 6 decision variables of each
configuration’s tuning process.

The three configurations were then compared based
on the rendezvous window achieved with their respective
tuned controller values, with the best performing configu-
ration being selected for further analysis under constrained
AL-iLQR control. These results are discussed in Sec-
tion 5.

4.4 Constrained AL-iLQR Control

The best-performing configuration identified in the un-
constrained iLQR control section was subsequently sub-
jected to trajectory tracking under realistic operational
constraints using an Augmented Lagrangian iLQR (AL-
iLQR) controller. The previously tuned cost matrices Q,
Q and R were retained for consistency.

The following constraints were imposed to reflect prac-
tical limitations in tether system design and operation:

¢ Tension limits: Tether tension was constrained be-
tween T, = 0.1 kN to maintain positive tension
and T, = 472 kN, based on Spectra 2000 material
properties and safety factors from the Cislunar Tether
Transport System baseline [1].

* G-load limits: A 5g acceleration limit relative to the
COM was applied to all point masses, reflecting tol-
erable transient loads observed in Quad-Trap mech-
anism testing [11]. Of the tether’s point masses, the
tether tip is expected to experience the highest accel-
erations due to centripetal effects.

* Reeling power limits: Reeling actuators were lim-
ited to Pax = 2 MW, based on first order estimates
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from high-performance motor power densities [12].
Though this preliminary value serves as a starting
point, a dedicated study is recommended to establish
more accurate power constraints. The limit applies
only during tether retraction, when actuators must
overcome tension forces.

* Reel-out rate limits: The reel-out velocity was
capped at Ly, = 100 m/s, based on deployment
rates observed in prior tether deployment and ren-
dezvous studies [13].

* Reel-out acceleration limits: To prevent unrealistic
outward acceleration commands, the reel-out accel-
eration was bounded by the natural centrifugal and
gravitational acceleration experienced by each point
mass. This was enforced by requiring a positive ten-
sion jump AT; > 0 for point masses between the
COM and the tether tip (inclusive), and a negative
tension jump AT; < 0 for those between the COM
and the counterweight, as defined in Eq. 20.

These constraints ensure that the controller operates
within feasible physical limits, while still enabling effec-
tive trajectory tracking. To further evaluate the system’s
adaptability and performance, the same configuration was
subsequently tested under RL-based control using a cus-
tom environment. This transition is discussed in the fol-
lowing section.

4.5 Tether RL Environment

The tether dynamics derived in Section 3 were used
to construct a custom reinforcement learning (RL) envi-
ronment, implemented according to the Farama Gymna-
sium API standard [14]. This standard provides a unified
interface for a wide range of RL libraries, including the
Stable-Baselines 3 library employed in this work. Within
the environment, the observation and action spaces were
defined, along with a reward function designed to guide
the training of RL agents.

4.5.1 Observations

As the primary objective of the RL controller is to
minimise the difference between the tether tip and pay-
load states, the observation vector was defined as the
element-wise difference between their respective state vec-
tors. This difference serves as an error signal to be reduced
over time. To provide temporal context, the current simu-
lation time ¢ was appended to the observation vector. The
complete observation vector is given in Eq. 37:

ORL(t) = [A-Ea Ay, Avwa Avyv t] 37
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Although not explicitly encoded within the envi-
ronment, these observations were normalised using
the VecNormalize functionality available in Stable-
Baselines 3. This normalisation ensures that all observa-
tion elements are scaled comparably before being passed
to the underlying neural networks, which is essential for
stabilising learning. This is particularly important in the
present context, as the observation elements span different
orders of magnitude.

4.5.2 Actions

The RL agent was tasked with controlling the tether
system using the same reeling acceleration parameters L;
as those used in the AL-iLQR controller. For each point
mass, the agent’s action space was normalised to the range
[-1, 1], which was then scaled to the physical saturation
limits of [-0.1, 0.1] km/s? for the LL values. This scal-
ing mirrors the control constraints imposed in both the un-
constrained and constrained AL-iLQR control scenarios,
ensuring consistency across control methodologies.

4.5.3 Reward Function

The reward function used for RL control closely mir-
rors the cost function of the AL-iLQR controller, with a
sign inversion to reflect the maximisation objective typi-
cal in RL. The reward was composed of six distinct com-
ponents:

1. A quadratic penalty for non-zero state tracking errors.
2. A quadratic penalty for control effort.

3. A fixed penalty applied at each time step.

4

. A positive reward that increases linearly for each time
step during which the tether tip remains within the
desired tracking tolerance.

5. A potential-based shaping reward that incentivises
consecutive reductions in the tracking error signal.

6. A quadratic penalty for any violated constraints.

Each component is briefly described, along with its
mathematical formulation.

The quadratic penalties for the state tracking errors and
control effort behave in the same way as the constraint-
free cost function of the AL-iLQR controller. The tether
tip and payload state difference vector AX and control
vector u are scaled with square, diagonal matrices A and
B respectively as shown in Eq. 38.

~AXTAAX | Regorx = —u"Bu (38)

Rtrackin g error —

with the coefficient matrices defined as square diago-
nal matrices with elements A,k and Begrore respectively.
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A=1T- Atrack and B=1- Beﬁort (39)

Adding a fixed penalty at each time step of Ry, =
—Ciep makes all states slightly undesirable. This com-
ponent motivates the agent to take actions to find a less
bad state. To specifically encourage the agent to main-
tain stable tracking, a bonus is awarded that increases lin-
early with the number of consecutive time steps the tether
tip remains within the predefined tolerance window, as
shown in Eq. 40. This component directly incentivises
persistence, making a policy that stabilises within the tar-
get zone more valuable than one that repeatedly enters and
exits.

Rstay = Ustay * N, t (40)
where /V; is the count of consecutive time steps in tol-
erance and Cy,y is a scaling hyperparameter. Three al-
ternative reward schemes for R,y were also evaluated: a
constant bonus Cy,y awarded whenever tracking error was
within tolerance; a Gaussian reward increasing as error
decreased below the threshold; and a curriculum-based
scheme applying the fixed bonus for sub-tolerance track-
ing, with tolerances linearly reduced from 100 m & 100
m/s to 10 m & 10 m/s over the first 500k of 2M steps.
None of these alternative approaches yielded sustained
rendezvous windows.

A potential-based shaping reward is included to pro-
vide a dense, policy-invariant guidance signal towards the
reference trajectory [15]. This component rewards the
agent for any action that reduces the tracking error from
one step to the next, accelerating learning without altering
the optimal policy of the true objective.

Rshaping(t) = ’)/(I)(t + ].) — (I)(t) (41)

where ~ is the reward discount factor and ®(t) =
—Kshape - ||AX (t)]] is the potential function based on the
tracking error norm, with kgpape a scaling hyperparameter.
Finally, to ensure the agent operates within physical limits,
a penalty is applied for any violation of the constraints de-
fined in Section 4.4. This penalty scales quadratically with
the magnitude of the violation, creating a strong deterrent
that strongly encourages the agent to learn solutions that
adhere to the system’s operational envelope.

Rconstraims (t) - — Z w; - maX(O, gi)2 (4’2)

where g; > 0 represents the magnitude of the i*" con-
straint violation and wj is its corresponding weight.

These components collectively form a dense reward
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structure, meaning that a reward signal is issued at ev-
ery time step of the training episode. Dense rewards are
particularly beneficial in continuous control tasks, as they
provide frequent feedback to the agent, accelerating con-
vergence and improving sample efficiency. In contrast to
sparse rewards, which may only be issued at the end of an
episode or upon achieving a specific goal, dense rewards
help guide the agent through intermediate states and en-
courage incremental improvements in performance.

4.6 Unconstrained RL control

Similar to the unconstrained iLQR control, the best
performing tether configuration was first tested in an un-
constrained RL environment before moving to the more
challenging constrained case. This was done by exclud-
ing the control effort and constraint components listed in
the previous section from the environment reward.

4.6.1 Hyperparameter and reward parameter tuning

Within the context of the unconstrained environment,
the performance of the SAC RL agent was optimised by
tuning a total of ten parameters, the four unconstrained re-
ward function coeflicients (Agack, Csieps Clstay> Kshape)> and
six underlying RL model hyperparameters.

The six key hyperparameters of the chosen Soft Actor-
Critic (SAC) algorithm were identified for tuning by con-
sulting common practices documented in the RL Base-
lines3 Zoo [16], a repository of tuned agents. These pa-
rameters include:

* Learning Rate: Controls the step size for gradient
updates.

» Batch Size: Number of samples drawn from the re-
play buffer per update.

* Replay Buffer Size: The maximum number of tran-
sitions stored for experience replay.

* Tau (7): The smoothing coefficient for updating the
target networks.

* Discount Factor (v): Determines the importance of
future rewards.

* Network Architecture: The number and size of hid-
den layers for the policy and Q-value networks.

The specific values considered for these hyperparameters
are detailed in the supporting material for this paper [3].

A preliminary analysis indicated that a fully robust
optimisation, involving multi-seed evaluations for every
trial, would be computationally prohibitive. Therefore, a
pragmatic, two-phase optimisation strategy was designed
and implemented to find a high-performing parameter set
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within a reasonable time-frame.

The core of the approach was an Optuna study that
combined the reward parameter and RL hyperparameter
tuning. This combined approach was chosen over sequen-
tial tuning to capture the potentially complex interplay be-
tween the reward signal and its learning hyperparameters.
By tuning all ten parameters simultaneously, the optimisa-
tion framework could explore these interdependencies and
discover more effective solutions. To balance thorough-
ness with computational feasibility, the following steps
were taken:

1. Phase 1: High-Throughput Discovery

The primary optimisation was conducted over 100 tri-
als, where each trial involved training an agent with a
single, fixed seed. This approach intentionally traded
per-trial robustness for a significantly broader and
faster exploration of the 10-dimensional hyperparam-
eter space. The primary trade-off here was accept-
ing that the performance value for any single trial
could be influenced by the stochastic initialisation of
beneficial RL neural network parameters. An addi-
tional assumption was made to complete the train-
ing process within a reasonable timeframe, namely
that agents that learn to perform well early on in their
training will maintain improved performance in ex-
tended training runs. This assumption allowed the
optimisation trials to be performed at a reduced num-
ber of overall training time steps, further improving
computational feasibility.

2. Custom Optimisation Metric

The objective function for the optimisation was not
the environment’s raw reward signal. Instead, a cus-
tom callback was implemented to calculate a more
task-relevant metric, namely the the rendezvous win-
dow defined in Section 4.2. This ensured the optimi-
sation was directly aligned with the project’s primary
performance goal.

3. Phase 2: Robust Validation
Upon completion of the discovery phase, the top
three candidate parameter sets were identified. Each
of these candidates was then subjected to a more ro-
bust validation process. This involved retraining an
agent with each candidate set three separate times,
each time using a different random seed. The retrain-
ing took place over double the number of training
time steps used in phase 1 to allow further agent learn-
ing. The final performance of each candidate was de-
termined by the average of its custom metric across
these multiple runs. This step served to filter out any
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“lucky” trials from the discovery phase and identify
the parameter set that was most consistently effective.
The results for this phase are presented and discussed
in Section 5.2.

This two-phase strategy made a deliberate trade-off of
accepting noise and uncertainty during the initial wide-
ranging search, and then systematically eliminating that
uncertainty for a small number of top candidates. This hy-
brid approach enabled a comprehensive yet computation-
ally tractable optimisation study, leading to the selection
of a robust and high-performing final RL agent.

4.7 Constrained RL control

Following the unconstrained optimisation, the best-
performing hyperparameters and reward coeflicients were
applied to the constrained environment. This phase of the
investigation was designed to evaluate the agent’s perfor-
mance under more realistic operational conditions. To this
end, the reward function was augmented with two addi-
tional components, Refore and Reonstraints, Mirroring the ap-
proach taken for the constrained AL-iLQR controller in
Section 4.4.

5. Results and Discussion
5.1 Unconstrained iLQR control

The results of the independent cost function coef-
ficient tuning optimisations are presented in Table 2.
The main points of interest are the achieved rendezvous
window durations when each configuration is subject to
iLQR control under their respective tuned cost coefficient
values. These durations are 0.8 s, 1.0 s and 1.8 s for
the baseline, climber and reeler configurations respec-
tively. All of the controlled configurations improve on
the uncontrolled tether’s rendezvous window of 0.6 s.
From these results it is immediately clear that the reeler
configuration outperforms the other two configurations
by a significant margin. The climber configuration only
slightly improves on the baseline. The significance of the
difference between these two values is further reduced
when considering the simulation time step of At = 0.1
s, which necessarily means these rendezvous window
values are accurate to = 0.05 s. Taking this uncertainty
into account means that in the worst case, the climber
configuration only improves upon the baseline by 1
second. The same applies when comparing the controlled
baseline performance to the uncontrolled case. Though a
reduced At value will shrink the uncertainty associated
with these rendezvous window values, the practical worth
of reduced uncertainty is limited for this work, as the
modelling assumptions limit the true accuracy of the
derived rigid-body dynamic model. Of higher importance
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is that the controlled tether configurations improve upon
the uncontrolled case and upon each other with margins
that exceed the uncertainties.

It is also interesting to note from Table 2 that the opti-
mal simulation time found for the climber configuration
is less than that of the other two configurations. As a
sanity check, multiple different simulation durations were
tested for all configurations, and specifically a longer sim-
ulation duration of 11 s was also tested for the climber
configuration with the tuned control coefficients, but these
tests yielded worse rendezvous window values. The un-
controlled case saw the same 0.6 s window regardless of
simulation time.

Table 2. Tuned iLQR cost function coefficients, simula-
tion duration and resulting rendezvous window for
the unconstrained control of the baseline, climber and
reeler tether configurations.

Parameter Uncontrolled Baseline Climber Reeler

Q. - 6183 1096 4578
Q. - 8727 2306 4206
Qfr - 289 330 1282
Qv - 510 1316 46
R - 1232 11 101
——rnm s
Rendezvous 0.6 0.8 10 18
window [s]

The tether tip trajectories for the uncontrolled, and
controlled baseline, climber and reeler configurations are
compared against the payload trajectory in Fig. 4. From
the relative position and velocity magnitudes in Fig. 4a
and 4b it is seen that while the tether tip position is closely
matched to that of the payload with relative ease, the rela-
tive velocity difference is much harder to keep within the
desired tolerance. This is due to the fundamental rotating
tether behaviour which sees the tether tip approach the pay-
load with a high downward vertical velocity, momentarily
coming to a stop from the payload perspective, and then
rapidly moving away with a near vertical upward velocity.
The behaviour described here is evident in the V-shaped
curves in Fig. 4b. The reeler configuration ultimately out-
performs the other configurations due to its ability to “flat-
ten” its relative velocity curve in the vicinity of the payload
more than the other configurations, thereby prolonging the
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time spent within the velocity tolerance. Additional state-
wise plots are provided in the supporting material to this
work [3].

The performance differences between the baseline,
climber and reeler configurations can be attributed to their
controllable degrees of freedom (DOF) and how these af-
fect the kinematics of the tether tip. The climber con-
figuration has one additional DOF compared to the base-
line, which mainly affects the I3, and thus the tether sys-
tem’s rotation rate and thereby the tip velocity through
the cross-product term in Eq. 5. While the 7y term in
Eq. 5 (as applied to the tip mass m;) does also change
when the climber mass is actuated, this change is limited to
the small corresponding change of the COM offset as per
Eq. 2. The reeler configuration, in addition to the moment
of inertia (and thus rotation rate), also affects the length of
the tether tip’s rotation arm and its rate of change. Thus
the reeler configuration has more substantial control over
the last two terms of Eq. 5.

5.2 Unconstrained RL control

The training curves for the three top performing uncon-
strained RL optimisation trials are depicted in Fig. 5. Both
the average return in Fig. 5a and the rendezvous window
duration in Fig. 5b show noisy trends that generally tend
upward. These noisy upward trends are indicative of RL
agent learning instability. In both plots trial 91 comes out
as the top performer after the retraining process described
in Section 4.6.1, though there is significant variation in
its performance over the multiple retraining runs. Simi-
lar variation is seen for the other two top performing trials.
Such noisy curves and high variation after hyperparameter
and reward tuning imply that, although the agent can learn,
its results are not robust and may be difficult to reproduce,
neither of which are desirable characteristics for a system
controller. The best performing trial was further trained
to 6 million steps, but showed no further improvement in
rendezvous extension.

The relative position and velocity magnitudes of
the RL-controlled, unconstrained trajectory are plotted
against the uncontrolled case in Fig. 6. The RL agent’s
performance was found to be dependent on the simulation
start time, producing better results for a slightly asymmet-
ric simulation starting at { = —7 s and continuing until
ty = 6 s. During this simulation window, the RL con-
trolled reeler configuration achieves a rendezvous window
of 1.8 s, matching that of the iLQR controlled reeler con-
figuration. As with the iLQR controlled case, the RL agent
manages to track the payload’s position reasonably well,
while the velocity tracking again proves to be the more
challenging task. Compared to the iLQR case, the RL con-
troller shows an increased ability to flatten the V-shaped
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relative velocity curve in the vicinity of the payload. This
is evident in Fig. 6b around the ¢ = 0 s mark. The re-
sulting relative velocity curve in Fig. 6b is noticeably less
smooth than its iLQR counterpart indicating sporadic actu-
ator use. This behaviour is undesirable in practical tether
applications, as it may induce elevated tension loads and
can excite unmodelled high-frequency wave-like dynam-
ics, thereby undermining the tether control of the tether
system.

5.3 Constrained AL-iLQR and RL control

The training curves for the constrained RL environ-
ment are shown in Fig. 7. Unlike the constrained case,
Fig. 7a shows a definite and early sign of plateaued learn-
ing. The initial extreme negative returns are due to con-
straint violations, and the return values quickly rise as the
agent learns that constraint violations are undesirable. At
the scale of the initial returns, the curve in Fig. 7a may
look smooth, but upon closer inspection via the inset plot
and its scale, it is evident that the results remain some-
what noisy and variant. Fig. 7b indicates that no reason-
able rendezvous window duration was achieved. As with
the unconstrained case, the agents were further trained to
6 million steps, with no noteworthy improvement in the
rendezvous window result.

The resulting trajectories for both the constrained AL-
iLQR and constrained RL controllers are presented in
Fig. 8. In both cases, no rendezvous window was iden-
tified in which the position and velocity tolerance crite-
ria were simultaneously satisfied. As shown in Fig. 8a,
neither controller successfully tracked the payload’s po-
sitional trajectory: the RL controller failed to reach the
required tolerance altogether, while the AL-iLQR con-
troller overshot the target. For the relative velocity mag-
nitude components illustrated in Fig. 8b, both controllers
briefly entered the tolerance range, as indicated by the V-
shaped curves touching the dashed payload reference line.
However, these brief intersections offer no meaningful im-
provement over the uncontrolled baseline, rather worsen-
ing the rendezvous performance for the considered toler-
ances.

Importantly, the AL-iLQR controller produced a tra-
jectory that strictly satisfied all imposed constraints,
though none were active throughout the motion. The con-
straint closest to activation was the g-load on the tether
tip, which reached approximately 3g which is well within
the allowable S5g limit and comparable to the uncontrolled
case. This suggests that while the controller respects the
constraints, it does not fully exploit them to optimise per-
formance.

In contrast, the RL controller briefly activated the max-
imum tension and tether tip g-load constraints early in the
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Fig. 4. Comparison of the tip trajectories of the uncontrolled tether against the iLQR controlled baseline, climber and
reeler configurations. The subplots (a) and (b) show the magnitudes of the relative position and velocity difference

vectors between the tether tip and payload respectively.
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Fig. 5. The training curves for the three top performing optimisation trials averaged over three different random seed

values: (a) the average return, and (b) the rendezvous window duration. The solid lines indicate average performance
over three retraining runs, each with a different random seed value, and the shaded regions indicate the performance
variation across these retrained runs. Results are plotted after smoothing via exponential weighted moving average

to clarify trends.

trajectory. Thereafter, all constraints remained satisfied
except for the minimum tension limit, which was violated
for a substantial portion of the trajectory. Specifically, the
tension dropped to zero during the latter half of the mo-
tion, resulting in slack tether conditions. This behaviour
is undesirable, as it violates the assumptions of the rigid-
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body model and may lead to uncontrolled tether dynamics
in a real system.

Two key conclusions can be drawn from these results.
First, the current AL-iLQR controller is insufficient for
identifying truly optimal trajectories under active con-
straint conditions. A more robust optimisation method
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Fig. 6. Comparison of the tip trajectories of the uncontrolled tether against the RL controlled reeler configuration. Plots
(a) and (b) show the magnitudes of the relative position and velocity difference vectors between the tether tip and

payload respectively.
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Fig. 7. The training curves for constrained RL environment averaged over three different random seed values: (a) the
average return, and (b) the rendezvous window duration. The solid lines indicate average performance over three
retraining runs, each with a different random seed value, and the shaded regions indicate the performance variation
across these retrained runs. Results are plotted after smoothing via exponential weighted moving average to clarify
trends. The inset plot in (a) shows the average return from 0.5 to 2 million time steps.

is required to achieve constraint-limited performance with
meaningful constraint activation. Second, the model-free
SAC RL algorithm, combined with simple penalty-based
constraint incorporation in the reward function, does not
offer a reliable solution to the constrained trajectory track-
ing problem. Constraint-aware RL approaches such as
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dedicated algorithms [17] or augmented objective meth-
ods [18] may be better suited to this task.

6. Conclusions
This research investigated the control of a rotating
MXER tether system to extend the payload rendezvous
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Fig. 8. Comparison of the tip trajectories of the uncontrolled tether against the constrained AL-iLQR and constrained
RL control of the reeler configuration. Plots (a) and (b) show the magnitudes of the relative position and velocity
difference vectors between the tether tip and payload respectively.

window, a critical challenge for the operational viability of
such systems. A comparative analysis was conducted on
three distinct actuator configurations, namely a baseline
tip-reeling system, a climbing actuator mass, and a reel-
ing actuator mass, using a 2D rigid-body model based on
the Cislunar Tether Transport System. The performance
of these configurations was evaluated under both a con-
ventional optimal control method, iLQR, and a modern
RL algorithm, SAC.

The primary contribution of this work is the clear
identification of the reeler configuration as the most
effective for extending the rendezvous window in an
unconstrained environment. It extended the capture
window to 1.8 seconds, a significant improvement over
the 1.0-second window of the climber, the 0.8-second
window of the baseline, and the 0.6-second window of
the uncontrolled system. This superior performance is
attributed to its enhanced authority over the tether tip’s
velocity profile. In this unconstrained case, both the fine-
tuned iLQR controller and the SAC RL agent achieved
this 1.8-second extension. However, the SAC agent
produced noisy training results and a less smooth control
policy, characterised by sporadic actuator commands.
Such behaviour is undesirable in practice, as it can induce
high structural loads in the tether, component wear in the
actuators, and potentially excite unmodelled wave-like
dynamics, thereby compromising the controllability of
the tether system. One technique that can improve control
smoothness is the penalisation of large differences of
successive actions with an additional reward term. This
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can be done either by comparing actions to immediate or
a rolling average of preceding actions. Both options add
complexity to the reward which may require additional
tuning to achieve desired performance.

The investigation into constrained control revealed sig-
nificant challenges. When realistic operational limits on
tether tension, g-loads, and actuator use were imposed,
neither the AL-iLQR nor the SAC controller succeeded in
extending the rendezvous window. The AL-iLQR method,
while successfully satisfying all constraints, proved to be
overly conservative and did not exploit the full dynamic
capabilities of the system. Conversely, the SAC agent,
guided by a simple penalty-based reward function, failed
to robustly enforce the constraints, notably violating the
minimum tension requirement, which would lead to a
slack tether and a potential loss of control.

Based on these findings, several avenues for future
work are recommended. The AL-iLQR framework could
be enhanced with a more robust optimisation method,
such as direct transcription, to better navigate the con-
strained trajectory space and operate closer to the system’s
physical limits. For RL, future efforts should move beyond
simple penalty functions and explore dedicated constraint-
aware algorithms or state-augmented objective methods to
ensure safe and reliable operation within constraints. Fi-
nally, the findings of this study could be validated with
a higher-fidelity, three-dimensional or elastic (or both)
tether model to account for out-of-plane dynamics and lon-
gitudinal and transverse wave propagation, which is cru-
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cial for the development of a flight-ready control system.
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Verification, Validation and
Robustness

6.1. Verification and Validation

This chapter details the verification, validation, and robustness analysis performed to
ensure the fidelity of the derived rigid-body model and the integrity of its outputs.
The process begins with the verification of the numerical methods, followed by the
validation of the physical model against established benchmarks, and concludes with
an analysis of the system’s sensitivity to parameter uncertainty and the tuning of the
control algorithms.

First, a comparative study of several numerical integration methods is conducted to
select an optimal solver that balances computational efficiency with numerical accuracy,
a crucial consideration for the extensive simulations required for controller training and
tuning. Second, the rigid-body tether model itself is validated by comparing its dynamic
behaviour and tension profiles against a well-established dumbbell model and reference
data from existing literature. Finally, a variance-based sensitivity analysis is performed
using a Monte-Carlo simulation to quantify the impact of uncertainties in the tether’s
physical parameters on the rendezvous dynamics. This analysis informs the required cap-
ture tolerances and highlights the most critical parameters for accurate modelling. The
chapter also details the hyperparameter tuning process for the reinforcement learning
controller, which is vital for optimising its performance.

6.1.1. Integrator Comparison and Benchmarking

An integrator comparison study was performed to balance the accurate propagation of
the rigid-body model’s dynamics with the computational effort required for this propa-
gation. The model dynamics presented in Chapter 5 (the IAC paper) are governed by
well behaved, ordinary differential equations. The decision of opting for a rigid-body
approach rather than a longitudinally extensible or transversely flexible tether avoids
the challenge of stiff differential equations, and allows the use of explicit time integration
methods. For this project, four such methods were identified as candidates, two being

60
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fixed time step, and two being variable time step methods

 Simple forward Euler method (fixed step)
« Classical fourth-order Runge-Kutta method (RK4) (fixed step)

 Second-order Runge—Kutta method with third-order interpolation (RK23) (vari-
able step)

 Fourth-order Runge-Kutta method with fifth-order interpolation (RK45) (variable
step)

Baseline solution

To evaluate these integration methods, a baseline is needed for comparison. The rigid-
body model’s non-linear dynamics does not have a closed form solution that can be
used as ground truth, and thus the use a of higher-order, increased accuracy integration
method can be used to create reference solution to compare against. The eighth-order
Dormand-Prince integrator (DOP853) with tight error tolerances (rtol = 107! and
atol = 1071°) was chosen to generate the reference trajectory on a uniform grid of 100
points over the interval [0, 60] seconds. All other methods are then compared against
this reference.

Control scenario and parameter sweeps

To test the reeling dynamics of the system, a small, fixed reeling acceleration of 0.1 m /s>
was applied to each point mass. This positive acceleration is defined such that the length
of tether spooled in each point mass increases over time, which forces non-trivial motion
over the simulation time window.

Each fixed step integration method was run with a number of different time step sizes
At, while the variable step methods were tested with a range of absolute and relative
tolerances such that rtol = atol = tol.

At € {5.0, 2.0, 1.0, 0.5, 0.2, 0.1, 0.05, 0.02, 0.01, 0.005, 0.002, 0.001} s
tol € {1073, 1074, ..., 1071, 10V}, with N =-14

As with the reference DOP853 solution, each integrator was run over the time window [0,
60] s, and the solutions were interpolated onto the common DOP853 grid. The number
of function evaluations for each candidate integration method was logged over all test
cases. To determine the comparative accuracies of the methods, the vector difference
was taken between the reference solution and each integrator test case. The maximum of
the norm of these position and velocity difference vectors was then use as the absolute
error. The relative error was also calculated for completeness. These errors, number
of function evolutions and swept parameters are combined in the plots of Figure 6.1.
The number of function evaluations (shown in Figure 6.1b) serve as an indicator for the
computational effort required by each method for a target accuracy. The error behaviour
of all integration methods was tested for both position and velocity states. For brevity,
only the positional error plots are presented in Figure 6.1, as the overall trends for both
cases were nearly identical, with the positional case exhibiting slightly larger errors,
making it the more limiting scenario.
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Figure 6.1: Integration method performance comparison for positional error compared to the
DOP853 reference solution. The first figure (a) shows both absolute as well as relative errors against
the time step size for fixed step method or tolerance for variable step methods, while (b) shows the
absolute positional error against the number of evaluations of the tether’s dynamics function.

Integration method selection

The selection integrator criteria are based on two simple requirements. The first is an
absolute accuracy in the 1072 to 1072 m range. For this project, extreme accuracy is
not required as the simplifying assumptions made for the rigid-body model defined in
Chapter 5 neglects perturbation effects on the tether system and its orbit. The required
accuracy of the model is at most on the metre to sub metre-level, and thus an integrator
accuracy of two to three orders of magnitude below this level is acceptable. The second,
and arguably more important requirement, is a low number of function evaluations for
the tether system’s dynamics. The number of function evaluations directly translate
to computational effort, which needs to be kept to a minimum. This is especially true
for the case of training an RL agent for tether system control, as the training process
requires more than hundreds of thousands of dynamic function evaluations. Selecting an
integrator that performs within the required accuracy at the lowest number of function
evaluations is therefore paramount to prevent the training of RL agent(s) from taking
up significant amounts of time.

From the visualisations in Figure 6.1, there are some integrators that clearly perform
better than others. Figure 6.1b clearly shows the forward Euler method as the least
accurate of the lot, with higher errors than all other methods for the whole range of
function evaluations. The RK4 method performs slightly better, but still suffers from
reduced accuracy at lower numbers of function evaluations. Thus both fixed-step meth-
ods can be ruled out. The variable step size methods perform much better, showing the
desired levels of accuracy at around 10 to 100 function evaluations. For higher numbers
of function evaluations, the RK23 method performs better than its RK45 counterpart.
However, in the desired position accuracy range of 1072 to 1072 m, the RK45 method
takes the cake for lowest number of function evaluations. The corresponding absolute
and relative tolerance levels fall in the range of 107¢ to 1073. The default tolerance
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values for the Scipy library’s ODE solver, solve_ivp, falls nicely in this range with its
rtol = 1072 and atol = 107%. Based on the selection criteria outlined above the RK45
method was selected, and used with the default solve_ivp tolerances.

6.1.2. Rigid-body Tether Model Validation

To validate the derived rigid-body model, its response was compared against a dumbbell
tether model [17]. Although the dumbbell model is conceptually simpler than the rigid-
body model, it (and variations of it) has been shown to be useful as a baseline and
comparison tool for more complex models [108] [109].

As mentioned in Section 2.1.2, the dumbbell model makes the simplifying assumption
of grouping the tether’s mass into two masses, one at each of the endpoints. Based
on the mass concentration at the endpoints, this model necessarily assumes a massless
tether. To partially account for influence of the tether’s mass on the system’s dynamics,
the tether mass can be divided up and added to the endpoint masses. For a constant
cross section tether, this grouping half of of the tether mass with each end point keeps
the system’s centre of mass at its true position. This is crucial for comparison with the
rigid-body model, as both models assume the system’s COM follows an unperturbed,
elliptic, Keplerian orbit. Further, the dumbbell model considered here assumes a fixed
tether length with no motion of the point masses relative to the tether. This assumption
is common, but not always necessary, as dumbbell models with spring-like tethers have
been used in literature [110] to model longitudinal oscillations. The fixed tether length
assumption made here means the dumbbell model has a constant moment of inertia.

Dumbbell model kinematics and dynamics

Similar to the rigid-body model defined in Chapter 5, the dumbbell’s kinematics define
the position and velocity vectors of a point mass on the tether in the global OXY frame
at any point in time according to Eq. 6.1 and 6.2.

R, =R, +wxr, (6.2)

As with the rigid-body model, the scalar r; is the discarnate from the COM to the point
mass, while r; = r,€, is the point mass’ position vector in the global frame relative to the
COM. This vector always points along the tether’s length to the orientation unit vector
e, Note that since there is no relative motion between the point masses and the tether,
there is no 7; term in Eq. 6.2, unlike the kinematic velocity relation for the rigid-body
model. The time-varying w value is determined by integration of the rotational equation
of motion

T,(t) = loy w (6.3)

where 7 is the gravitational torque due to the varying gravitational forces on the discrete

point masses, and I, is the constant moment of inertia.

Through integration of Eq. 6.3 and by propagating the orbit of the COM, the dumbbell
tether’s motion is fully defined, and can be used as a validation tool for the rigid-body
model derived in Chapter 5.
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To compare the two models, both were set up with the same Keplerian orbit, the same
overall mass, and the same COM offset as measured from the tether tip. To match he
dumbbell model’s mass and COM offset to that of the rigid-body model, each half of the
tether’s mass was was added to the discrete point masses at either ends of the tether.
The dynamics of the respective models were then integrated over a total period of 1
minute (from -30, to 30 seconds) under no control input. As with the rigid-body model
in Chapter 5, the simulation window was centred at perigee such that the separation
between the tether tip (of both models) and the idea payload reaches zero momentarily
at t = 0 s. To enforce this symmetry, the effective simulation duration is only 30 seconds,
as the tethers were simulation outward from ¢ = 0 s in both the positive and negative
time directions. The 30 second integration period (in each direction) is longer than that
considered during the controlled approach for the actual rigid-body model in Chapter 5
to examine the agreement between the models both inside and and outside the regular
controlled window of 10 to 12 seconds. It should be noted that the actual simulation was
not performed in two outward segments as illustrated above. The image of symmetric
integration was merely given to describe the effective behaviour of the tether models
centred around the perigee crossing point. The tether models were integrated backward
in time from ¢ = 0 to find their respective initial conditions, and then integrated forward
for the whole 60 second duration.

First, the attention is turned to the rotation states over time of the two tether models.
The tethers’ orientation angle «, defined relative to the x axis of the global OXY frame
described in Chapter 5, is given in Figure 6.2a, and the tether rotation rates in 6.2b.
From these results it is seen that the tether orientation for both models remains effec-
tively indistinguishable over the considered time window. The difference in rotation rate
is more pronounced, mainly due to the small range of values considered on the vertical
axis of Figure 6.2b. The dumbbell model is seen to rotate slower further away from the
perigee crossing point (where both tether models are perfectly aligned with their orbital
radial vector by design), but increases its rotation rate faster than the rigid-body model.
This comes down to the mass distribution differences between the models. As previously
mentioned, the tether mass was added to and split between the two end masses of the
dumbbell model to maintain the same overall tether system mass and COM offset as
the rigid-body model. Hence, the dumbbell end masses are heavier than those of the
rigid-body, resulting in a higher moment of inertia, and generally slower rotation. The
larger masses also have the effect of increased gravitational attraction, and thus increased
gravitational torque, which results in the dumbbell model undergoing more pronounced
rotational acceleration than the rigid-body model. Both of these effects, slower general
rotation and increased angular acceleration rates, are visible in Figure 6.2b.
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Figure 6.2: Comparison of the tether’s (a) orientation angle and (b) rotation rate for the rigid-body
and dumbbell models. Simulated over a 60 second window centred at perigee.

Though the differences in rotation state between the two models are clearly present
in small scale, their effects are minor on the actual position and velocity states of the
tether tip. The position and state component differences are shown in Figure 6.3. It
is important to note that the differences presented here are determined using the rigid-
body model as the reference, as it is expected to be the more accurate of the two models.
As a clarifying example, the difference in x position seen in Figure 6.3a is calculated
as AX = X mpberr — Xrigid—body- Lhe same applies for all other state components in
Figure 6.3a through 6.3d. For Figure 6.3e and 6.3f the vector difference between the
position and velocity states were calculated first before taking the norm, to obtain the
magnitudes of the actual position and velocity separation between the models.

For good agreement between the dumbbell and rigid-body models, these differences
should be minor. It is perhaps easiest to start with the the magnitude difference curves
of Figure 6.3e and 6.3f to assess the agreement. The position magnitude difference
curve in Figure 6.3e shows a clear diverging trend in both the positive and negative time
directions. This is to be expected, as the rotation rate of the dumbbell model slows down
almost quadratically compared to the rigid-body model as previously seen in Figure 6.2b.
This slower rotation rate means the endpoints of the two tethers will diverge over time as
the rigid-body model rotates its tip away faster than the dumbbell model can catch up.
However, this effect is minor over these time scale considered, resulting in a maximum
positional separation of about 20 metres over 30 seconds. As previously mentioned, this
[—30, 30] second window is longer than the actual controlled simulation window of 10 to
12 seconds. When considering this actual window, the difference in position falls to below
0.3 metres. An even smaller separation in model prediction is noted from the velocity
magnitude graph in Figure 6.3f where the difference drops to single digit centimetre
values. These positional and velocity difference values are sufficiently small that the
overall tether motion inside these time windows can be considered effectively identical
for both models at the levels of relative accuracy required in the control problem.
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Figure 6.3: The difference between the dumbbell and rigid-body tether model states over two 30
second windows centred at perigee. The graphs in the left column are the differences in (a) x position,
(¢) y position and (e) position magnitude. The right column contains the differences in (b) x velocity,
(d) y velocity, and (f) velocity magnitude. The difference in each graph is calculated as dumbbell state

minus rigid-body state.
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It is interesting to note the different curve shapes for the state component differences
in Figure 6.3a through d. These curves tell the same story as the differing rotation rate
values seen in Figure 6.2, and are in fact, a direct result of this rotation rate difference.
The s-shaped curves for the x position and y velocity differences both start out positive,
crosses the perigee point at ¢ = 0 seconds with zero slope, and ends up negative. These
curves are descriptive of lead-lag behaviour. Since both these components start out
positive, it indicates that the dumbbell tether model starts out at a higher horizontal
position, and vertical velocity separation from the payload compared to the rigid-body
model. Thus the tip motion of the rigid-body tether leads for the first half of the
simulation time (-30 to 0 seconds), with the dumbbell model’s tip lagging behind. For the
second half of the simulation, the roles reverse and the rigid-body tether tip now lags that
of the dumbbell model. This means the rigid-body model remains slightly closer to the
payload over the whole simulation period, speeding up at first, and slowing down later on.
These effects tend toward being negligible for smaller simulation windows, but is again
a confirmation of the expected rotation behavioural differences due to the underlying
assumption of a massive and massless tethers which lead to different rotational moments
of inertia.

From the results presented in Figure 6.2 and 6.3, along with the discussions in this
section, it can be concluded that the rigid-body model derived in Chapter 5 corresponds
excellently to the dumbbell model over smaller time windows. Since the dumbbell model
has been used extensively in literature for first approaches to modelling and initial control
design, this newly derived model can then also be used for such tasks as is done in
Chapter 5.

Tether tension

For a dumbbell model with a massless tether, the only tension contributions come from
the point masses m; at the tether’s endpoints and the forces acting on these point masses.
Thus the tension is constant along the tether, but not in time. This can also be shown
from the equation of motion for the tether if the tether’s mass (or linear density) tends
to zero. The tether’s equation of motion is given in Chapter 5, and is repeated in Eq. 6.4
for convenient reference.

pR =T + pg (6.4)

It follows from Eq. 6.4 that for p — 0, the spatial tension derivative also tends to zero
T’ — 0, meaning a constant tension along the tether.

The same logic leads to the opposite conclusion for the rigid-body model with a massive
tether. Here spatial tension derivative is non-zero and potentially non-linear. Thus the
dumbbell model cannot be used as an accurate validation method for the rigid-body
model’s tension distribution, and an alternative is needed. Fortunately, examples of
tether tension profiles can be found in literature, and can thus be used as a means of
comparison.

An example tension distribution is given in [18] for a typical MXER tether with 90 km
length, tip mass of 250 kg, counterweight mass of 11000 kg, and 8 embedded masses of
200 kg each, placed at 10 km intervals. The tether rotates at 0.8 degrees per second in
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free space (no gravitational or external forces). The tether mass is unfortunately not
given, but it is mentioned that the tether material is Zylon, and that each of the uniform
10 km tether segments are sized such that they all undergo a strain of § = 0.01. To get
a linear density estimate for the example tether, the cross sectional area for each 10 km
tether section can be calculated from the simple stress-strain relation in Eq. 6.5

T.

7 =° (6.5)

where T} is the tension in the i*” tether segment, E is the elastic modulus of the material,
and A; is the segment’s uniform cross-sectional area. From here the tether’s average
density per unit length can determined with

1 Qo

pavg = Z Z pvolAili (66)
i—1

where p,, is the volumetric density of the tether material (in kg/m?3) and I, = 10km is
the segment length. This density per length is necessary for the rigid-body model, which
assumes a constant tether cross-sectional profile over the whole tether length. Thus two
material properties of Zylon, also known as poly(p-phenylene-2; 6-benzobisoxazole), are
needed, E and p*. As the example tether source [18] did not specify which Zylon variant
was used for its tension calculations, two variants were identified from literature [111]
with the material properties of interest listed in Table 6.1.

Table 6.1: Material properties for two variants of Zylon [111]

Zylon Variant Elastic modulus [GPa] Density [kg/m?]
AS (Regular) 180 1540
HM (High Modulus) 270 1560

The average tether linear density was calculated using both sets of material properties,
and were found to be p(ﬁg = 28.6 kg/km, and pj{}f = 42.3 kg/km for the regular and
high modulus variants respectively. These values were used as upper and lower bounds
for the tension distribution calculation via the rigid-body model. Figure 6.4 shows the
reference tension data points [18] on the vertical axis, against the point mass positions
along the tether. The shaded region is the tension distribution calculated using the
rigid-body tether model with the linear density values for AS and HM Zylon making up
the upper and lower bounds respectively. The solid line indicates the rigid-body model
tension distribution as calculated with a linear density averaged between that of the AS

and HM Zylon materials, namely p,,, ~ 35.5 kg/km.

Figure 6.4 shows good agreement between the rigid-body model’s tension profile calcu-
lated using the averaged linear density (solid line), and the reference data points (red
markers with dashed lines). Both tension profiles show the expected tension jumps across
each discrete point mass, due to the sudden increase of mass along the tether. This mass
increase requires higher tension to maintain the rotational motion of the tether. Both
tension profiles also show good agreement and a clear trend of increasing tension from
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Figure 6.4: Comparison of the rigid-body model’s tension distribution against reference data points
found in literature. Reference data digitised from [18]. Rigid-body model tension distribution
calculated with averaged tether linear density based on data in Table 6.1

the tether tip up to the COM, followed by a slight decrease moving away from the COM
toward the counterweight. This maximum tension at the COM is expected, as this is
where the tension acting from either end of the tether is balanced.

The disagreement between the two tension profiles, though slight, is noticeable, and
can be attributed to three main reasons. The first, and likely most impactful, being
the difference in model assumptions regarding the tether segment cross-sectional areas.
The rigid-body model assumes a uniform cross-sectional area along the whole length of
the tether, whereas the reference data is calculated for reducing cross sectional areas
for tether segments further away from the COM. This becomes clear when comparing
the tension values to the left of the Figure 6.4, where the reference data has a reduced
cross-sectional area (and thus reduced linear density) compared to the averaged value
used for the rigid-body tension calculation, and to the right of the figure where the
opposite occurs. Where the rigid-body model assumes a higher linear density (and thus
higher segement mass), the tension it predicts is higher than that of the reference data.
The opposite is also true. Where it assumes a lower linear density than the reference,
the tension it predicts is lower due to a lower segment mass. The second reason for the
discrepancy, though likely a reduced contribution, is that the exact material properties
for the reference tether remain unknown, and the the calculated tension profile is based
on a best estimate from other literature sources. Thirdly, and least impactful, is that
the reference data points were digitised and extracted from a scanned plot presented
in [18]. This digitisation process was performed three times to get data with improved
accuracy and quantifiable uncertainty. The uncertainty of the digitised results were
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minimal, contributing less than the span of a single red marker in Figure 6.4, and was
thus excluded to maintain clarity.

Based on these results, it is concluded that the rigid-body model produces sufficiently
accurate tension results for the purposes used in Chapter 5.

6.1.3. AL-ILQR Controller Verification

To verify the correct implementation of the AL-iLQR controller described in Chapter 5,
a test case was used. This test case consisted of controlling a simple pendulum to track
a time-varying target angle subject to a maximum absolute angle constraint. Both
the target angle trajectory and the constraint limit value were selected such that they
fall outside the typical small-angle assumption of 10-15° to test the controller under
non-linear dynamics.

The test case involved commanding the pendulum to follow a sinusoidal reference tra-
jectory with an amplitude of 45° over a 10-second period, while being subject to an
angle constraint of 4+35°. The pendulum’s initial angle was offset slightly from the tar-
get trajectory. The results of this constrained trajectory tracking problem are shown in
Figure 6.5.
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Figure 6.5: Trajectory tracking control of a simple pendulum using the AL-iLQR controller, with (a)
the target and actual pendulum angles, and (b) the applied control torque.

Figure 6.5(a) shows the controller successfully tracks the target trajectory when the ref-
erence angle is within the feasible region. When the target trajectory exceeds the +35°
limit, the controller successfully respects the imposed constraint, causing the pendulum’s
actual trajectory to touch the limit value and continuing the tracking once the reference
returns to the feasible region. It is interesting to note that the actual trajectory does not
saturate the angle value against the constraint limit when the target trajectory exceeds
this limit. This behaviour can likely be attributed to the underlying incremental lineari-
sation of the dynamics within the AL-iILQR controller which seems to discourage sudden
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and discontinuous trajectory changes. The smooth trajectory behaviour with momen-
tary rather than continued constraint activation was observed repeatedly in different
tests despite significant increases in the state error coefficient matrix @ and decreases
in the control coefficient matrix R (both defined in Chapter 5). This serves as an in-
dication that the AL-iLQR controller, as implemented in this work, prioritises general
constraint satisfaction rather than a truly optimal trajectory with maximally activated
constraints.

The corresponding control torque, shown in Figure 6.5(b), reflects this behaviour. The
torque profile is smooth for the majority of the trajectory, with a brief valley at the start
attributable to the slight offset in starting angle between the pendulum and the target
trajectory.

The successful enforcement of these state constraints, and the logical control response
required to do so, serve as a verification that the implemented AL-ILQR algorithm
is capable of finding a trajectory that satisfies the imposed constraints, though not
necessarily a truly optimal one.

6.1.4. Reinforcement Learning Controller Verification

Similar to the AL-iILQR controller, the chosen Stable Baselines 3 implementation of
the model-free SAC RL algorithm was tested on a simple and widely used benchmark
environment to verify correct integration and usage. For this purpose, the Gymnasium
Pendulum-V1 environment was selected. This environment represents the classic control
problem of swinging up and stabilising a pendulum in the upright position at zero
degrees.

The RL agent was trained using the default settings provided by the Stable Baselines
3 SAC implementation. No additional constraints were imposed, as the test case relied
solely on the default Gymnasium environment setup.
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Figure 6.6: Regulating control of a simple pendulum using the RL SAC algorithm as a controller for
three different initial conditions. Sub-figure (a) shows the pendulum angles, and (b) the applied
control torque plotted against the episode time steps.

Figure 6.6(a) shows that the RL agent successfully regulated the pendulum to a near-
zero angle across three episodes, each initialised with a different starting condition. The
slight deviation from the 0° target can be attributed, at least in part, to the Pendulum-
V1 environment’s reward function, which penalised non-zero state and control values
quadratically [107]. This formulation encourages minimal deviation but does not strictly
enforce convergence to exactly zero.

Figure 6.6(b) presents the corresponding control torque profiles. In all three episodes,
the torque values eventually settled around 0.5 Nm. This offset from zero again reflects
the influence of the reward function, which can be adjusted if more precise regulation is
required.

Overall, the results of this test case demonstrated that the SAC algorithm was capable
of solving a basic regulation task. The successful control behaviour confirmed that the
user-side implementation of the RL agent was correctly configured and functioning as
intended.

6.2. Sensitivity Analysis and Tuning

This section presents the sensitivity analysis and parameter tuning processes for the
rigid-body tether model and the Reinforcement Learning (RL) agent.

First, a variance-based sensitivity analysis is conducted to formally assess how uncer-
tainties in the tether system’s physical parameters impact the predictive accuracy of the
rigid-body model. This analysis employs a Monte-Carlo simulation framework and the
Sobol method to quantify the influence of each parameter on the final tether tip state.

Following this, the section details the hyperparameter optimisation for the Soft Actor-
Critic (SAC) RL agent. An automated tuning study is performed to optimise both
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the reward function coefficients and the underlying algorithmic hyperparameters. The
relative influence of each parameter on the agent’s performance is then evaluated using
functional ANOVA (fANOVA) to identify the most critical factors for effective control.

6.2.1. Rigid-body Tether Model Parameters

The rigid-body model defined in Chapter 5 requires a number of parameters to define
the tether system. These inputs can be broadly classified as either orbital parameters
for the definition of the payload and tether system orbits, or physical parameters that
describe the tether system’s configuration. Chief among these physical configuration
parameters are the point masses and their positions along the tether, followed by the
linear density of the tether. These parameters directly influence the dynamic behaviour
of the tether system as it approaches the payload rendezvous point at the tether system’s
orbital perigee.

Physical parameter sensitivity analysis

For large tether systems such as the baseline tether mentioned in Section 4.3, and es-
pecially for even larger and more massive tether systems, using accurate values for the
physical configuration parameters becomes important for accurate predictions of the
tether tip states over time. To asses the effect that uncertainty in these parameters has
on the tether tip state prediction of the rigid-body model, a variance-based sensitivity
analysis was conducted. This analysis was based on a Monte-Carlo simulation of the
baseline tether system configuration over a simulation period of 40 seconds such that
t = 0 coincides exactly for the nominal tether configuration. Thus the initial rotational
state (at t = —20 s) was kept constant as the rotational state of the uncontrolled baseline
tether system at this time across all simulations.

The parameters varied for each simulation are identified in Table 6.2, along with their
nominal baseline values, and a variation of these values. FEach of the identified parameters
are sampled from uncorrelated normal distributions defined by the the baseline value as
the mean, and a standard deviation defined such that 3 standard deviations make up
the parameter variation value. This approach effectively captures the full extent of the
variation within the distribution bounds (30 = 99.7% of possible parameter variation).
A total of 2560 samples were generated using the Sobol sampling method. The remaining
parameters are taken exactly as listed in Section 4.3.

Table 6.2: Physical parameters varied for the Monte-Carlo simulation, with their baseline (mean)
values and the maximum variation for each parameter. Variation values taken from [110].

Physical parameter Baseline value Maximum variation [%]
Tether linear density p [kg/km] 82.74 0.01
Tip mass my [kg] 650 0.01
Counterweight mass m, [kg| 15004 0.01
Total tether length L [km)] 100 0.01

For each of the sample simulations, the smallest separation between the tether tip and
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payload states were logged at the nominal rendezvous point of ¢ = 0 s. One pair of
positional and velocity difference vectors, [AX, AY] and [AVy, AVy | respectively, were
thus collected for each simulation, with their components calculated as:

_ t=0 _ t=0
AX = Xtip - Xpayload and AY = }/tip - Ypayload
— t=0 _ t=0
AVvX - VX,tip - VX,payload and AVY - VY,tip - VY,payload

Here the tether tip and payload states are measured in the global OXY frame as defined
in Chapter 5. The magnitudes of these difference vectors were calculated and processed
with the SAlib python library’s Sobol analysis method [112][113] to produce first and
second order sensitivity indices. From here onward, these indices are shortened to S; and
S, respectively. The S| and S, indices for the position and velocity difference magnitudes
are listed in Table 6.3 and Table 6.4 respectively. Each table includes the corresponding
confidence values denoted as S .., ¢ and Sy ., as well. These parameters represent
the half-widths of the 95% confidence interval for the specified index [113].

Table 6.3: First order Sobol Sensitivity indices (S;) and confidence interval half-widths (S; ..., 1)
for the position and velocity difference magnitudes between the tether tip and the payload at ¢ = 0.

EZZ;:;:ier Pos. 5, Pos. S .,y Vel. S; Vel. 5 .,,.¢
p 0.0313 0.0114 0.0149 0.0106
my 0.0046 0.0006 —0.0002 0.0006
mey 0.0244 0.0165 0.0225 0.0163
L 0.8924 0.1410 0.9390 0.1299

From the S| values in Table 6.3, it is clear that the total tether length L has the largest
individual effect on the variance of both the position and velocity tip-payload separations,
based on its comparatively high S; values (about 89% and 94% variance contribution
just from L). The effects of the other parameters are nearly negligible compared to that
of L. This insight makes sense, the overall tether length contributes significantly to the
positioning of the tether tip relative to the COM of the tether system. A higher value
for L results in an increased COM offset distance (see equation for dq;, in Chapter 5).
This effect not only changes the distance between the tether tip and the payload at
the nominal rendezvous point, but also contributes to an increased rotational tangential
velocity of the tip relative to the payload due to the tethers rotation rate. Thus an
accurate input L value is crucial for accurate tip state representation.

After the tether length, it is the counterweight mass and linear density that contribute
to tip state variation. These effects are quite small, but can be attributed to the change
in moment of inertia of the tether system resulting from a different mass distribution.
This also explains why the tip mass effects are even smaller; the masses of the tether and
counterweight are at least an order of magnitude higher than that of the tip. Hence the
scale of the tip mass changes barely affect the tether system’s moment of inertia, which
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impacts the rotation rate through conservation of angular momentum. An increased
moment of inertia will lead to slower rotation of the uncontrolled tether, which then
leads to a mismatch in the position and velocity of the tip and payload.

Table 6.4: Second order Sobol Sensitivity indices (S5) and confidence interval half-widths (S5 .o f)
for the position and velocity difference magnitudes between the tether tip and the payload at ¢ = 0.

f:;i‘?ﬁ;fi‘;ns Pos. S, Pos. S,.,.; Vel. S, Vel. S, ..;
(p, my) 00262 00570  —0.0234  0.0340
(p, ) 00386 0.0556  —0.0320  0.0389
(p, L) 00034 00623  —0.0249  0.0685
(my, my) 00059 00119  —0.0027  0.0129
(my, L) 00015 00108  0.0040  0.0144
(my, L) 0.0541  0.0585  0.0226  0.0602

Considering the S, values in Table 6.4 also yields interesting insights. The .S, indices
capture the variation in model outcome due to interaction between parameters. From
Table 6.4 it is clear that the (m,, L) combination has the largest impact on the relative
position and velocity separations between the tip and payload, though much smaller
than the S| effects. The same argument made for the increased COM offset can be
made here again, as increases in both L and m, drive a COM offset increase. The
Sy values of other combinations are mostly negative with comparatively large S, .,
values. However, because the positional S, ., value is close to its S, counterpart, the
95% confidence interval (calculated as [Sy — Sy con s S2 + o congl); has a lower bound
very close to zero. This means that the effect may be effectively zero. This is even clearer
for the velocity case where Sy < Sy ., ¢, Which means the confidence interval contains
the zero value and that the contribution can be neglected. The negative values for the
other parameters are indications of noisy results, and may be concluded as statistically
insignificant, as their 95% confidence intervals are also tightly packed around zero.

Monte-Carlo results and error ellipses

The Monte-Carlo simulation results are not only useful for determining model sensitiv-
ities, but also to gain insight on the position and velocity tolerances that a capture
mechanism may need to account for. This section was inspired by [110], and closely fol-
lows the method laid out in their work. The authors of [110] proposed that the effective
capture error "area” can be modelled as an ellipse (called the error ellipse) for the case
of planar models, and an ellipsoid for a full three-dimensional case. Using the tether tip
positional and velocity data gathered from the Monte-Carlo simulations, an error ellipse
can be fitted to the position and velocity data. The fitting process is as follows:

1. Calculate the centroid of the data (x and y component means)

2. Centre the data by subtracting the centroid
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3. Calculate the moments of inertia I, = > 2?, I, = > %* and product of inertia
I, = > xy by treating each data point as a particle

4. Assemble the moments and product of inertia into an inertia tensor

5. Determine the principal moments of inertia and principal directions through eigen
value and eigen vector decomposition of the inertia tensor

6. Calculate the ellipse semi-major and semi-minor axes from the maximum and
minimum principal inertias respectively

7. Calculate the error ellipse orientation angle from the major and minor princpal
vectors

With these steps applied to the gathered Monte-Carlo position and velocity data, Fig-
ure 6.7 shows the error ellipses found.
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Figure 6.7: The error ellipses fit to the (a) positional and (b) velocity difference data. The zero
point in both graphs represent the payload’s state at time ¢t = 0. Note that the vertical and horizontal
axes have different scales.

While it may appear that the fitted ellipses poorly capture the outer sections along their
major axes, it should be noted that the concentration of error points within the ellipse
is so high that the inner points far outweigh the outer points in the moment of inertia
calculations discussed earlier, resulting in a tighter error ellipse.

The keen reader might observe that both the position and velocity error ellipses have
extremely high aspect ratios. The horizontal and vertical axes in these visualisations
have been scaled to improve the ellipse visibility. However, the true aspect ratio (major
to minor axis) is about 14560 : 1 for both ellipses. This is a much higher aspect ratio
than the 10 : 1 ratio found in [110]. This difference likely comes down to the different
models used. The work in [110] makes use of a flexible, elastic tether model. The
resulting scale of the error ellipse much larger in absolute distance terms, as a result of
the extensibility of the tether. The minor axis of the error ellipse is also larger than
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that found in this work, likely due to the transverse flexibility considerations included
in their model [110].

Since the position error point distribution lies predominantly along the y axis of Fig-
ure 6.7a, the positional error can undergo dimensional reduction by directly projecting
these points onto the vertical axis. Usually, a complete principal component analysis
would be preformed on data, but due to the sheer scale of the ellipse aspect ratio, the
direct projection onto the vertical axis is sufficient. A normal distribution was then fit to
the projected data to estimate its standard deviation from the mean. Figure 6.8 shows
the outcome of this fitting, with the data points grouped into 100 bins. The resulting
normal distribution curve has a mean of © = 0 m and a standard deviation ¢ = 2.38
m. This standard deviation value was used to determine an estimate for the positional
capture tolerance a capture mechanism might have such that it would catch the payload
with the tether tip being located at all of these error points. Taking a value of 40 ~ 10
m as the capture tolerance includes more than 99.99% of the error points. Even though
this model has shown very little variation along the x-direction, this 10 m tolerance was
also extended in the x-direction such that payload capture should occur whenever the
tether tip is within a radial distance of 10 m from the payload. For more complex and
higher fidelity models, such as the extensible, flexible model used in [23] and [110], this
capture tolerance can and should be extended to account for perturbative as well as
transverse and longitudinal wave effects within the tether. For the rigid-body model
presented in Chapter 5 the 10 m value is deemed sufficient. The velocity error presented
in Figure 6.7b is much smaller, and the velocity tolerance should not be taken as the
maximum span of the error points along the horizontal axis, as this would be much too
restrictive. Instead, a 10 m/s tolerance is applied here too, to make the tracking of the
payload’s trajectory a little more forgiving. In reality, the velocity error tolerance is
more restrictive, with capture mechanisms needing to be tolerant to differences of only
a few metres per second [27]. This can be counteracted in part by having the payload
provide some of the change in velocity by thrusting on a planned approach. This is of
course unwanted and should be minimised, as the main benefit of the tether system is
its self-sufficiency and momentum transfer without the need for propellant expenditure.
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Figure 6.8: Normal distribution fit to the y position data of Figure 6.7, with mean of 0 m, and
standard deviation of 2.38 m.
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6.2.2. Reinforcement Learning Hyperparameter Impact Determina-
tion

Within the context of the unconstrained environment, the performance of the SAC

RL agent was optimised by tuning a total of ten parameters, the four unconstrained

reward function coefficients (A, Citeps Cstays Kshape), and six underlying RL model
hyperparameters.

The six key hyperparameters of the chosen Soft Actor-Critic (SAC) algorithm were
identified for tuning by consulting common practices documented in the RL Baselines3
Zoo [114], a repository of tuned agents. These parameters include:

o Learning Rate: Controls the step size for gradient updates.
o Batch Size: Number of samples drawn from the replay buffer per update.

« Replay Buffer Size: The maximum number of transitions stored for experience
replay.

o Tau (7): The smoothing coefficient for updating the target networks.
o Discount Factor (7): Determines the importance of future rewards.

o Network Architecture: The number and size of hidden layers for the policy and
Q-value networks.

To assess the relative influence of the hyperparameters, the Optuna framework’s fANOVA
sensitivity analysis was employed, which estimates the contribution of each hyperparam-
eter to the variance in the optimisation objective (the rendezvous window duration).
The resulting importance scores are shown in Table 6.5, followed by the tuned hyperpa-
rameter values for the best-performing trial in Table 6.6.

Table 6.5: Relative reward and RL hyperparameter importance for the improvement of the
rendezvous window duration during the combined Optuna study.

Hyperparameter fANOVA Importance
Tracking Reward Scale (A ,q) 0.011
Shaping Scale (Kg,aping) 0.021
Step Penalty (Cyp) 0.023
In-Tolerance Bonus (C,) 0.0091
Network Architecture 0.018
Learning Rate 0.407
Discount Factor (7) 0.022
Batch Size 0.085
Target Update Rate (1) 0.026

Buffer Size 0.003
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Table 6.6: Tuned reward and RL hyperparameters for the best performing trial from the
optimisation study.

Hyperparameter Tuned Values
Tracking Reward Scale (A;,q) 7.1375
Shaping Scale (Kyaping) 7.4719
Step Penalty (Cp,) 0.36677
In-Tolerance Bonus (C,.) 11.870
Network Architecture [400, 300]
Learning Rate 9.8145e-4
Discount Factor (vy) 0.92858
Batch Size 512
Target Update Rate (7) 0.015775
Buffer Size 108

Of the considered parameters, the learning rate exhibited the highest importance at
0.407, followed by the batch size with an importance of 0.085. The remaining hyperpa-
rameters had much lower importance, with values at or below 0.02. Notably, the tuned
values for both the learning rate (0.001) and batch size (512) reached the upper bounds
of their respective search ranges. This observation suggests that the performance of
the RL algorithm may benefit from increased values for both hyperparameters, as they
were identified as the dominant factors influencing the optimisation objective. However,
these bounds were selected based on general stability guidelines for the application of
the Soft Actor-Critic (SAC) algorithm to a variety of control tasks, as documented in
the RL Baselines3 Zoo repository [114]. Any further increases would require careful
monitoring to ensure training stability. This highlights a key takeaway that while most
hyperparameters have a limited impact, the learning rate and batch size are critical and
likely represent a primary avenue for future performance gains. Additionally, the rela-
tively low importance scores of the reward parameters indicate that these parameters
may benefit from a stand-alone tuning process, independent of the RL hyperparameters
to better understand their relative importance amongst each other.

The RL hyperparameters and reward parameters were jointly tuned using a unified
Optuna optimisation study comprising 100 trials, as described in Chapter 5. The con-
sidered value ranges for each parameter are listed in Table 6.7 and Table 6.8, respectively.
Each trial involved training an RL agent across 60 parallel environments, distributed
over the logical cores of a multi-core CPU. This parallelisation significantly accelerated
individual trial runtimes by enabling simultaneous environment rollouts. A subset of
RL hyperparameters was held constant throughout the study; these are summarised in
Table 6.9.
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Table 6.7: Reward function parameters considered in the optimisation study.

Hyperparameter Function Rationale Tuning values
Tracking Reward Scales the Determines the primary Uniform: [1.0,
Scale (A¢rack) magnitude of incentive for achieving 20.0]

the core reward  the main objective of ac-

for minimising curate tracking.

tracking error.
Shaping Scale Scales the Influences learning speed  Uniform: [0.1,
(Kshaping) potential-based by providing a dense 10.0]

Step Penalty
(Cstep)

In-Tolerance
Bonus (Cy,y)

shaping reward
for reducing
tracking error.

Applies a
constant
negative reward
at every
timestep.

Scales the bonus
for each
consecutive step
inside the
tolerance
window.

guidance signal without
altering the optimal pol-
icy.

Encourages the agent to
solve the task efficiently
and discourages inaction
or looping behaviour.

Explicitly  incentivises
stable, persistent track-
ing over brief, repeated
entries into the target
zone.

Uniform: [0.01,
1.0]

Uniform: [1.0,
20.0]
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Table 6.8: RL algorithm hyperparameters considered in the optimisation study.

Hyperparameter

Function

Rationale

Tuning values

Network
Architecture

Learning Rate

Discount Factor

()

Batch Size

Target Update
Rate (7)

Buffer Size

Size of the hidden
layers in the actor
and critic
networks.

Step size for
updating the
neural network
weights during
training.

Weighting factor
for future rewards
in the Bellman
equation.

Number of samples
drawn from the
replay buffer for
each gradient
update.

The interpolation
factor for the soft
update of the
target networks.

The maximum
number of past
experiences to
store for training.

Affects the model’s ca-
pacity to represent the
policy and value func-
tions, and its computa-
tional complexity.

Influences the speed
and stability of con-
vergence; too high can
cause instability, too
low can cause slow
learning.

Determines the agent’s
planning horizon; val-
ues closer to 1.0 encour-
age more farsighted be-
haviour.

Affects the stability of
the gradient estimate
and the computational
efficiency of the training
step.

Ensures stable learn-
ing by having the tar-
get networks track the
main networks slowly
and smoothly.

Affects data diversity
and the decorrelation of
samples, which is cru-
cial for stable off-policy
learning.

Categorical:
{[128, 128], [256,
256], [400, 300]}

Log-uniform:
[le-5, le-3]

Uniform: [0.9,
0.999]

Categorical: {64,
128, 256, 512}

Uniform: [0.005,
0.02]

Categorical:
[100k, 500k, 1M,
2M]
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Table 6.9: RL algorithm hyperparameters held constant during the optimisation study.

Hyperparameter Function

Rationale

Fixed Value

Policy Specifies the type of
neural network policy
to be used.

Learning Starts = Number of random
steps to take before
starting training
updates.

Gradient Steps Number of gradient
updates to perform
per data collection
cycle.

Train Frequency Defines how often the
learning update is
triggered.

“MlpPolicy” is  the
standard  policy  for
continuous control tasks
with vector-based obser-
vations.

Ensures the replay buffer
is populated with diverse
experiences before the
agent begins to learn.

Balances the ratio of
data collection to policy
optimisation effort.

Determines  how  fre-
quently the agent learns
from newly collected
experience.

“MlpPolicy”

25 000

60

(60, “step”)

6.2.3. Brief Reinforcement Learning Generalisation Test

To evaluate the generalisation capability of the unconstrained reinforcement learning
(RL) agent trained on the reeler tether configuration, the agent was subsequently applied
to the climber configuration. Ideally, the baseline configuration would also have been
included in this comparison. However, due to its reduced number of degrees of freedom
(two, compared with three for both the climber and reeler), the baseline could not be
incorporated without substantial modifications to the RL environment. The resulting
tether tip trajectories are presented in Figure 6.9.
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Figure 6.9: Comparison of tether tip trajectories for the uncontrolled case, and the unconstrained
RL-controlled climber and reeler configurations. Subplots (a) and (b) show the magnitudes of the
relative position and velocity difference vectors between the tether tip and payload, respectively.

As with the reeler configuration, Figure 6.9a shows that the relative position of the
climber tether oscillates about the payload. However, these oscillations are more pro-
nounced than in the reeler case, causing the intervals during which the climber tip
remains within the positional tolerance to be repeatedly interrupted. Examination of
the V-shaped velocity profile in Figure 6.9b indicates that the RL agent is able to reduce
the sharpest point of the velocity curve in the vicinity of the payload, although not to
the same extent as in the reeler configuration.

Unlike in previous cases with both AL-ILQR and RL control, the RL agent applied
to the climber configuration results in the positional component becoming the limiting
factor. The maximum duration within tolerance is 0.8 s for position, compared with 1.1
s for velocity. Consequently, the overall rendezvous window for this case is 0.8 s at the
specified tolerance levels of 10 m and 10 m/s. This is shorter than the 1.0 s window
obtained with the unconstrained and tuned iLQR solution reported in Chapter 5. On
this basis, the current RL agent trained on the reeler configuration cannot be said to
generalise successfully to the climber configuration. Nevertheless, it is noteworthy that
the velocity component achieves a rendezvous time of 1.1 s, which exceeds the 1.0 s
velocity result of the tuned AL-iILQR climber case. This suggests that with further
hyperparameter tuning, the RL agent’s generalisation performance could be improved.



Conclusion and Recommendations

The aim of this research was to address the critical control challenge of extending the
short payload rendezvous window for Momentum Exchange with Electrodynamic Re-
boost (MXER) tether systems. This was accomplished by developing a verifiable 2D
rigid-body dynamical model, performing a comparative analysis of three distinct actu-
ator configurations, and evaluating the performance of a conventional optimal control
method against a modern, model-free Deep Reinforcement Learning (DRL) algorithm.
The main conclusions drawn from this work are presented in Section 7.1. Following
this, a set of recommendations is offered for the design of future tether missions and
for the direction of subsequent research in Section 7.2. The work is concluded with a
final assessment of the motivating research questions in Section 7.3 and a review of the
project’s compliance with its stated goals in Section 7.4.

7.1. Conclusions

This research has led to several key conclusions regarding the control of spinning MXER
tethers for extended rendezvous.

The primary contribution of this work is the definitive identification of the reeler ac-
tuator configuration as the most effective for extending the rendezvous window
in an unconstrained dynamic environment. The reeler configuration, which utilises an
intermediate reeling mass, extended the capture window to 1.8 seconds, a threefold
improvement over the 0.6-second uncontrolled baseline and significantly outperforming
both the baseline tip-reeling (0.8 s) and climber (1.0 s) configurations. This superior
performance stems from its enhanced control authority over the tether tip’s velocity
profile, allowing it to more effectively counteract the V-shaped relative velocity curve
that characterises the rendezvous.

In the unconstrained case, both the conventional iterative Linear Quadratic Regu-
lator (iLQR) and the model-free Soft Actor-Critic (SAC) DRL agent successfully
learned control policies to achieve the 1.8-second rendezvous window extension. How-
ever, the SAC agent produced a less smooth control policy, characterised by sporadic
actuator use. This behaviour is undesirable in practical applications, as it can induce

84
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high structural loads, cause component wear, and potentially excite unmodelled high-
frequency wave dynamics, thereby compromising system reliability.

The investigation into constrained control revealed the significant difficulty of the prob-
lem. When realistic operational limits on tether tension, g-loads, and actuator use were
imposed, neither the Augmented-Lagrangian iLQR (AL-iLQR) nor the SAC-
based controller succeeded in extending the rendezvous window. The AL-iLQR
method, while successfully satisfying all constraints, proved to be overly conservative,
failing to exploit the system’s full dynamic capabilities. Conversely, the SAC agent,
guided by a simple penalty-based reward function, failed to robustly enforce critical con-
straints, notably violating the minimum tension requirement, which would result in a
slack tether and a potential loss of control in a real system.

Finally, the verification and validation studies confirmed the fidelity of the developed
rigid-body model for the scope of this research. The model’s dynamics aligned well with
established dumbbell models, and a variance-based sensitivity analysis revealed that un-
certainty in the total tether length is the dominant factor affecting rendezvous
accuracy, far outweighing the influence of mass properties. This highlights the crit-
ical need for high-precision manufacturing and state estimation in operational tether
systems.

7.2. Recommendations

Based on the conclusions of this work, the following recommendations are made for the
design of future tether missions and for subsequent research and development.

7.2.1. Recommendations for Mission Design

o Actuator Configuration Selection: For future spinning MXER tether systems
where extending the rendezvous window is a primary objective, the reeler configu-
ration is strongly recommended over simpler tip-reeling or climbing-mass designs
due to its superior control authority.

e Control System Smoothness: Mission specifications for tether control systems
should include stringent requirements for control policy smoothness. Controllers
that exhibit sporadic, high-frequency actuation, as observed with the DRL agent,
should be avoided or modified to ensure the structural integrity and long-term
reliability of the tether and its mechanical components.

o Prioritise Tether Length Metrology: The sensitivity analysis demonstrated
that tether length is the most critical parameter for rendezvous accuracy. Mis-
sion designers should prioritise the development and integration of robust on-orbit
state estimation systems to accurately measure and monitor the tether’s length
throughout its operational life.

7.2.2. Methods and Future Research

e« Advanced Constrained Optimal Control: The conservative nature of the
AL-iLQR controller suggests that more robust optimisation methods are needed.
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Future research should investigate advanced non-linear trajectory optimisation and
control techniques that can more effectively navigate the constrained trajectory
space and identify solutions that operate closer to the system’s physical limits
without violating them. Examples may include pseudospectral or direct collocation
methods.

o Constraint-Aware Reinforcement Learning: The failure of the simple penalty-
based approach for the SAC agent indicates a need for more sophisticated meth-
ods. Future work in applying DRL to this problem should move beyond simple
penalties and explore dedicated constraint-aware RL algorithms. Techniques such
as Lagrangian-based methods, state-augmented objectives, or other safe-RL ap-
proaches should be investigated to ensure reliable operation within critical con-
straints.

« High-Fidelity Model Validation: The conclusions of this study are based on
a 2D rigid-body model. The next critical step is to validate these findings using
a higher-fidelity, possibly three dimensional elastic tether model. Such a model
would account for out-of-plane dynamics, longitudinal and transverse wave prop-
agation, and bending stiffness, all of which are crucial for the development of a
flight-ready control system.

o Automated Hyperparameter Optimisation: The hyperparameter sensitivity
analysis for the SAC agent identified the learning rate and batch size as highly
influential. It is recommended to investigate the effect of pushing these hyperpa-
rameters beyond the heuristic values explored in this work for potential perfor-
mance improvements. Future DRL implementations should continue or expand
upon the use of advanced automated hyperparameter optimisation frameworks,
such as Bayesian optimisation or evolutionary algorithms, to systematically tune
the agent for improved performance, stability, and sample efficiency.

7.3. Final Assessment of Research Questions

This section provides a direct assessment of the research questions posed in Chapter 4.
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Table 7.1: Final assessment of research questions.

Code

Question

Answer

RQ.1

SQ.1a

SQ.1b

How does the actuator
configuration influence the
controllability of the ren-
dezvous window of a rotat-
ing momentum exchange
tether?

What are the dominant dy-
namical factors affecting the
tether tip motion and ren-

dezvous window in a simplified
MXER system model?

What are the key performance
indicators (KPIs) for evaluat-
ing the controllability of the
rendezvous window for the
considered actuator configura-
tions?

The actuator configuration significantly
influences controllability.  The reeler
configuration demonstrated the high-
est level of control, extending the ren-
dezvous window to 1.8 s. The climber
(1.0 s) and baseline tip-reeling (0.8 s)
configurations showed progressively less
effectiveness. The reeler’s superior per-
formance is attributed to its greater au-
thority in shaping the tether tip’s veloc-
ity profile.

The dominant dynamical factors are
the centrifugal accelerations from the
tether’s rotation combined with its or-
bital motion. This creates a distinct V-
shaped relative velocity profile between
the tether tip and the payload, which
fundamentally limits the rendezvous
window to less than a few seconds. The
ability of a control system to “flatten”
this velocity curve is the primary deter-
minant of its success.

The primary KPI is the rendezvous
window duration, defined as the
longest continuous period during which
the relative position and velocity be-
tween the tether tip and payload remain
within specified tolerances (10 m and
10 m/s). Secondary KPIs considered
were the smoothness of the control pol-
icy and the satisfaction of operational
constraints.

Continued on next page
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Table 7.1: Final assessment of research questions (continued).

Code

Question

Answer

RQ.2

SQ.2a

Can Reinforcement Learn-
ing (RL) be used as an ad-
vanced control strategy to
effectively extend the ren-
dezvous window for pay-
load capture in a rotat-
ing momentum exchange
tether system?

What are the suitable state
and action spaces for represent-
ing the MXER system and con-
trol inputs within a reinforce-
ment learning framework?

Yes, in an unconstrained setting, the
SAC DRL algorithm proved capable of
learning a control policy that matched
the performance of a tuned iLQR con-
troller, successfully extending the ren-
dezvous window to 1.8 s. However,
when operational constraints were intro-
duced, the implemented DRL approach
failed to find a viable solution that both
extended the window and respected all
constraints, indicating that more ad-
vanced, constraint-aware RL methods
are required for practical application.

A suitable state space consists of
the element-wise difference between the
tether tip and payload state vectors (rel-
ative position and velocity), augmented
with the current simulation time. This
provides the agent with a complete rep-
resentation of the tracking error. A suit-
able action space consists of the nor-
malised reeling acceleration for each ac-
tive reeling mechanism, which directly
maps to the control inputs of the dy-
namical model.

Continued on next page
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Table 7.1: Final assessment of research questions (continued).

Code

Question

Answer

S5Q.2b

SQ.2¢

How do different reward func-
tion formulations impact the
performance of the RL algo-
rithms?

How does the chosen SAC RL
algorithm compare against the
ILQR controller in terms of
rendezvous window extension
and suitability to the tether
control task?

A dense reward function, composed
of quadratic penalties for state error
and control effort, potential-based re-
ward shaping, and a bonus for main-
taining tolerance, proved effective for
learning in the unconstrained envi-
ronment.  Three alternative stay-in-
tolerance schemes, namely a fixed
bonus, a Gaussian error-dependent
bonus, and a curriculum-based toler-
ance tightening, were also evaluated,
but none yielded sustained rendezvous
windows.  For the constrained case,
augmenting this function with simple
quadratic penalties for constraint vi-
olation was insufficient to produce a
safe and effective policy, leading to con-
straint violations.

The SAC agent matched the rendezvous
window extension of the tuned iLQR
baseline. It required extensive hyperpa-
rameter optimisation, but once tuned,
the training process was computation-
ally efficient. The resulting control ef-
fort was less smooth than that of the
iLQR controller making the current im-
plementation less suited to the control
task than the iLQR controller.
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7.4. Final Assessment of Compliance with Project Objec-
tives

This section provides a final review of the project’s compliance with the main goals and
subgoals outlined in Chapter 4

Table 7.2: Final assessment of compliance with project objectives.

Code Goal Achieved Executive Summary

G.1 To derive and im- v A generalised 2D rigid-body
plement a 2D tether tether model was successfully
dynamics model which derived, implemented, and
can be used and presented in the conference
adapted to simulate paper in Chapter 5. The
and ultimately com- model was validated against
pare the dynamical established benchmarks in
behaviour of three Chapter 6, confirming its
tether systems with fidelity for this study.
different actuator
configurations.

G.2 To implement an iter- v An  Augmented-Lagrangian

ative linear quadratic

iLQR controller was devel-

regulator (ILQR) oped and implemented as
controller to es- described in Chapter 5. This
tablish a  baseline controller was used to estab-
for the trajectory- lish the performance baseline

tracking control of the
2D tether dynamics
model.

for both the unconstrained
and  constrained  control
scenarios, against which the
DRL agent was compared.

Continued on next page
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Table 7.2: Final assessment of compliance with project objectives (continued).

Code Goal Achieved Executive Summary

G.3 To implement and test v The model-free SAC algo-
the model-free SAC rithm was successfully imple-
RL algorithm as a con- mented. A custom train-
trol method for the ing environment was built,
rendezvous dynamics and the agent’s performance
of tether-payload cap- was optimised through exten-
ture. sive hyperparameter tuning.

The SAC agent’s final perfor-
mance was comprehensively
tested and compared against
the iLQR baseline in both un-
constrained and constrained
scenarios, as detailed in Chap-
ter 5.

SG.la  To derive a generalised v The dynamical model pre-
model suitable for all three sented in the paper in Chap-
considered tether configu- ter 5 is generalised, accommo-
rations. dating all three actuator con-

figurations (baseline, climber,
and reeler) through minor
modifications to the system’s
mass distribution matrices.

SG.1b  To identify suitable con- v Tether reeling acceleration for
trol input(s) to the dy- each active point mass was
namics model for effective identified and implemented as
tether tip control. the direct control input. This

choice provided direct, inde-
pendent control and ensured
state continuity, proving effec-
tive for both the iLQR and RL
controllers.

SG.2a  To implement an ILQR v The core iLQR implementa-

controller capable of work-
ing with general, black-
box dynamics functions

tion was designed to interface
with a generic dynamics func-
tion, making it adaptable to
different models. This modu-
larity was essential for its ap-
plication to the tether system.

Continued on next page
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Table 7.2: Final assessment of compliance with project objectives (continued).

Code Goal Achieved Executive Summary

SG.2b  To expand the ILQR con- v The iLQR was embedded
troller to incorporate gen- within an Augmented La-
eral (soft) constraints on grangian framework, enabling
the dynamics and con- the incorporation of soft con-
trols. straints on tether tension, g-

loads, and actuator limits, as
detailed in the constrained
control analysis in Chapter 5.

SG.3a  To implement a RL- v A custom environment con-
friendly  training envi- forming to the Gymnasium
ronment of the tether API standard was developed.
dynamics. This environment integrated

the tether dynamics, defined
the state and action spaces,
and implemented the dense re-
ward function necessary for ef-
fective agent training.

SG.3b  To compare the perfor- v A detailed  comparative
mance of the SAC RL al- analysis was performed in
gorithm against the ILQR Chapter 5. The comparison
controller based on their covered rendezvous window
suitability to the tether extension,  control policy
control task. smoothness, and constraint

satisfaction, providing a clear
assessment of the relative
strengths and weaknesses of
each approach for this specific
task.

SG.3¢c  To identify the most im- v A variance-based hyperpa-

pactful hyperparameters
for the best-ranked RL
model and their relative
effects on tether control
performance.

rameter importance analysis
(fANOVA) was conducted in
Chapter 6. This analysis iden-
tified the learning rate and
batch size as the most critical
hyperparameters influencing
the performance and stability
of the SAC agent.

Continued on next page
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Table 7.2: Final assessment of compliance with project objectives (continued).
Code Goal Achieved Executive Summary
SG.3d  To improve the tether con- v An  extensive,  two-phase
trol performance of the RL hyperparameter optimisation
algorithm through tuning study using the Optuna

of commonly identified im-
pactful hyperparameters.

framework was performed, as
described in Chapter 5 and
detailed in Chapter 6. This
process systematically tuned
all ten reward and agent hy-
perparameters, leading to the
high-performing final agent
used for the comparative
analysis.
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IAC Paper: Supporting material

A.l. Unconstrained Conventional Control
A.11. State Trajectories

The unconstrained, iLQR controlled configuration comparison results presented in Chap-
ter b are extended to include the state components in Figure A.1.

From Figure A.2a and A.lc it is clear that the unconstrained iLQR controller manages
to track the positional components of the payload’s trajectory quite well. The horizon-
tal velocity component V. in Figure A.1b also manages to remain within the 10 m/s
tolerance from the payload for an extended time, while the vertical velocity component
proves to be the true driver behind the short rendezvous duration. All configurations
in Figure A.1d show this velocity component cutting across the payload’s velocity tra-
jectory, with the slope differences between these curves reducing from the baseline, to
the climber and ultimately the reeler configuration which manages to remain near zero
vertical velocity longer than the other configurations. This “flatter” velocity curve ulti-
mately helps to flatten out the relative velocity curve of Figure A.1f in the vicinity of
the payload, thereby extending the rendezvous window.

A.1.2. Control Output

The control effort for the three iLQR controlled configurations are given in Figure A.2.
As mentioned in the methodology overview in Chapter 5, the controlled dynamics was
constraint free, but control saturation of 100 m/s? was applied to the actuator in each
point mass.

Figure A.2a shows mostly smooth control curves for the baseline configuration, with brief
saturation being reached by both the tether tip and control station’s reeling actuators
before returning to more modest reeling acceleration values. The climber configuration’s
control effort in Figure A.2b is noticeably less smooth with extended periods of control
saturation for all point masses. The control becomes jagged around the ¢ = 0 s mark,
which is where the vertical velocity crossing occurs as shown in Figure A.1. These
jagged controls could be due to a local, poor linearisation of the underlying dynamics.
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Figure A.1: Comparison of the tip trajectories of the uncontrolled tether against the iLQR
controlled baseline, climber and reeler configurations. The subplots (a) to (d) show the x and y
position and velocity states for the different tether configurations against that of the payload over
time. Plots (e) and (f) show the magnitudes of the relative position and velocity difference vectors
between the tether tip and payload respectively.

Though no clear negative effects of this jagged control is evident in the state trajectories
of Figure A.1, such behaviour is nevertheless unwanted, and can be addressed with
penalties on extreme control rates if needed. Finally, the reeler’s control results in
Figure A.2c again shows extended regions of control saturation for all point masses,
though the control values are much smoother than the climber configuration in the
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non-saturated regions.
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Figure A.2: Reeling acceleration controls for the (a) baseline, (b) climber, and (c) reeler tether
system configurations under unconstrained iLQR control, subject to actuator saturation. The legend
is consistent across all subplots.
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A.2. Unconstrained RL Control
A.21. State Trajectories

The reeler configuration’s unconstrained, RL controlled results presented in Chapter 5
are extended to include the state components in Figure A.3.
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Figure A.3: Comparison of the tip trajectories of the uncontrolled tether against the RL controlled
reeler configuration. The subplots (a) to (d) show the x and y position and velocity states for the
different tether configurations against that of the payload over time. Plots (e) and (f) show the
magnitudes of the relative position and velocity difference vectors between the tether tip and payload
respectively.
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Figure A.3a and A.3c again show good tracking of the payload’s positional trajectory,
though the vertical tracking is less smooth that the iLQR counterpart. The velocity
curves of Figure A.3b and A.3d also show less smooth state behaviour when compared
to the iLQR results in Figure A.1. However, as mentioned in Chapter 5, the RL controller
shows an improved ability to locally approximate the payload’s velocity, which becomes
clear when considering the locally near-zero slope of the vertical velocity component in
Figure A.3 around t = 0 s. This locally flat curve allows the RL controller to match the
rendezvous window of the iLQR case.

A.2.2. Control Output

Chapter 5 mentioned the sporadic nature of the unconstrained RL control based on the
non-smoothness of the state trajectory curves in Figure A.3. This becomes even clearer
when considering tbe control effort directly as depicted in Figure A.4. Here it is seen that
the actuators in all three point masses cycle between highly positive and highly negative
controls, exerting much more control effort than the iLQR case shown in Figure A.2c for
the same rendezvous window end result. This is undesired as the repeated and excessive
control effort increases the power requirements from the limited on-board power supply.
Furthermore, such actuator cycling can contribute to increased system wear and reduce
the overall lifespan of the tether system.
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Figure A.4: Reeling acceleration controls for the reeler configuration under unconstrained RL
control.

A.3. Constrained AL-iLQR and RL Control
A.3.1. State Trajectories

The reeler configuration’s constrained, AL-iILQR and RL controlled results presented in
Chapter 5 are extended to include the state components in Figure A.5.

As discussed in Chapter 5, neither the AL-iLQR nor the RL controller were able to steer
the reeler tether system toward a sustained rendezvous window. Of the two controllers,
the AL-iILQR controller finds a trajectory that satisfies the constraints by effectively
staying close to the unconstrained trajectory. It manages to remain close to the pay-
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load’s velocity trajectory around ¢ = 0 as shown by Figure A.5b, d and f. The AL-iLQR
controller overshoots the payload’s position by a significant margin in the vertical direc-
tion before completing the upward swing-through due to the tether rotation, as shown
in Figure A.5c, and e. The RL controller’s resulting velocity trajectory is similar to that
of the uncontrolled and AL-ILQR cases in Figure A.5d, and f, but completely misses the
payload’s position in Figure A.5c, and e.
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Figure A.5: Comparison of the tip trajectories of the uncontrolled tether against the constrained
AL-iLQR and RL control results of the reeler configuration. The subplots (a) to (d) show the x and y
position and velocity states for the different tether configurations against that of the payload over
time. Plots (e) and (f) show the magnitudes of the relative position and velocity difference vectors
between the tether tip and payload respectively.
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A.3.2. Control Output

The control output for the constrained AL-ILQR and RL controllers are depicted in
Figure A.6a and b, respectively. Both cases show low control values for the whole simu-
lation duration, indicating the general preference of inaction over constraint violation for
both controllers. The RL control result is again noticeably less smooth when compared

to the AL-iILQR case.
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Figure A.6: Reeling acceleration controls for the reeler configuration under constrained (a)
AL-iILQR, and (b) RL control.

A.3.3. Constraint Behaviour

The normalised constraint behaviour for the AL-iLQR and RL controllers are presented
in Figure A.7 and A.8 respectively, with the maximum values for each constraint listed in
Table A.1 and Table A.2. The specific constraint formulations are described in Chapter 5.
There it is also mentioned that these constraints are used in the normalised negative-
null form, which means values less than or equal to zero indicate constraint satisfaction,
while values above zero are indicative of constraint violations. Constraint values which
are exactly or extremely close to zero, are considered active, and directly impacts and
limits the (near) optimal trajectory.
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Constraints for AL-iLQR control

Consulting Figure A.7 and Table A.1 shows that the AL-iLQR controller found a feasible
trajectory that respects all constraints. This trajectory is however, as discussed in earlier
in this section and in Chapter 5, overly conservative, and does not reach a sustained
rendezvous window. It is clear from Table A.1 that no constraints are active, with most
values being comfortably below zero, and some being significantly less than zero which
means some trajectory improvement is left unrealised.
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Figure A.7: Normalised constraints for AL-iILQR control in negative null form. (a) Minimum and
maximum tether tension, (b) point mass g-loads relative to COM, (c¢) point mass reeling power, (d)

point mass reel-out rates, and (e) the point mass reel-out accelerations.
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Table A.1: Maximum constraint values and their associated point masses for the AL-iLQR control

Normalised Constraint Maximum Value Point Mass

Maximum tension -0.7502 —
Minimum tension -1145 —
G-load -0.5581 my
Reeling power -0.9994 ms
Reel-out rate -1.0 my, My, My
Reel-out acceleration -4.879 My

Constraints for RL control

Unlike the AL-iILQR case, Figure A.8 and Table A.2 show that all constraints except the
tension constraints are satisfied. Both the minimum and maximum tension constraints
are violated under the RL control, with the maximum tension reaching nearly 10% more
than the allowable limit value, and the minimum tension saturating at 1, which indicates
a slack tether in one or more of the tether segments. These conditions can independently
lead to catastrophic failure of the tether system, either through breaking the tether in
the former case, or resulting in uncontrollable motion or sudden tension spikes in the
for the latter.

Table A.2: Maximum constraint values and their associated point masses for the RL control

Normalised Constraint Maximum Value Point Mass

Maximum tension 0.0888 —
Minimum tension 1.0 —
G-load -0.0379 ms
Reeling power -0.2168 Moy
Reel-out rate -1.0 my, My, My

Reel-out acceleration -0.8791 my
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Figure A.8: Normalised constraints for RL control in negative null form. (a) Minimum and
maximum tether tension, (b) point mass g-loads relative to COM, (c) point mass reeling power, (d)
point mass reel-out rates, and (e) the point mass reel-out accelerations.
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B.1. Work Breakdown Structure

The project work breakdown structure, shown in Figure B.1 was divided into four phases: developing dynamical models, control-
ling these models with conventional algorithm(s), setting up RL environments, and creating, training, and evaluating RL agents
for the unconstrained and constrained cases. Under each phase various tasks and subtasks detail the work completed.

Reinforcement Learning control of tether rendezvous dynamics
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Figure B.1: Proposed work breakdown structure



B.2. Project and Phase Gantt Charts

A rough timeline of the overall project is given in Figure B.2 of Section B.2, with more detailed timelines for each project phase in
Figure B.3 to B.6. Each of the phase durations were divided into nominal and buffer times, where the allocated buffer times are
proportional to the overall phase duration. The buffer times served as contingency plans in the event that one or more subtasks of
a project phase required more time than anticipated.

Task Name

Research proposal review

Research proposal update(s)

-

1. Dynamical Models

-

2. Controller implementation

Mid-term review

-

3. RL Environments

-

4. RL Agents
Submit thesis draft
Green light review

Thesis defense

Start

2025-01-21

2025-01-24

2025-02-05

2025-04-07

2025-05-23

2025-05-23

2025-06-02

2025-08-01

2025-08-01

2025-08-29

Duration

0 days
7 days
44 days
43 days
0 days
36 days
45 days
0 days
0 days

0 days

Figure B.2:
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14 20 27 03 10 17 24 03 10 17 24 31 07 14 21 28 05 12 19 26 02 09 16 23 30 07 14 21 28 04 11 18 26 01

-

]
L
.
I
|
.
.

Timeline overview including major milestones and main project phases.
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Task Name H

Research proposal review
Research proposal update(s)
~ 1.Dynamical Models
Buffer time
= 1.1 Rigid-body dynamical models
1.1.1 Derive mathematical model
1.1.2 Implement in Python
1.1.3 Analyse key outputs
« 1.2 Verification and Validation
1.2.1 Integrator comparison and selection
1.2.2 Model sensitivity analysis

1.2.3 Compare main and simple model out..-

Task Name

~ 2. Controller implementation
Buffer time
2.1 Define a reference trajectory to track
2.2 Implement in Python

2.3 Tune controller parameters

Mid-term review

L 4

2025-02 2025-03 2025-04

Start ¢ Duration H
20 27 03 10 17 24 03 10 17 24 a1 o7
2025-01-21 0 days
2025-01-24 7 days ’—|—>
2025-02-05 27 days
2025-02-14 22 days
2025-03-18 8 days H
2025-02-24 31 days
2025-03-21 6 days
2025-03-24 11 days ]

Figure B.3: Timeline overview of Phase 1 - Dynamic models.
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Figure B.4: Timeline overview of Phase 2 - Conventional Control.
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Task Name

~ 3. RL Environments
Buifer time

« 3.1 Observation specifcation
3.1.1 Identify key observable states
3.1.2 Format states for RL agent input

w 3.2 Action space definition
3.2.1 Defnine continuous action behaviour
3.2.2 Implement action constraints

w 3.3 Reward formulation

3.3.1 Identify key reward components

e

3.3.2 Combine components into weighted r---

Start
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Figure B.5: Timeline overview of Phase 3 - RL Environments.
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Task Name

~ 4.RL Agents
Buffer time
= 4.1 Unconstrained agent training
4.1.1 Initialise agent training settings
4.1.2 Set up remote computation resources
= 4.2 Hyperparameter tuning
4.2 1 Identify relevant hyperparameters
4.2.2 Perform sensitivity analysis & tuning
4.2 3 Evaluate agent unconstrained perfor...
=« 4.3 Constrained agent training
4.31 Train RL agent with added constraints

4.3.2 Evaluate agent constrained performa.-
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Figure B.6:
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Timeline overview of Phase 4 - RL Agents.
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