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Introduction

1.1. Reusable Launch Vehicle Landing and Staging

In this section, a comprehensive overview of the historical evolution of vertical spacecraft landings, cul-
minating in reusable launch vehicles, is provided in Subsection 1.1.1, highlighting the control methods
used in industry, such as lossless convex optimisation, and proposals for replacing this with Rein-
forcement Learning (RL). Then, Subsection 1.1.2 delves into the optimal staging procedure applied to
reusable launch vehicles and how it requires guidance and control systems to generate velocity incre-
ment inputs for the procedure. Finally, Subsection 1.1.3 discusses policy optimisation methods of RL
and NeuroEvolution (NE) with a concise description of the history of these methods.

1.1.1. Autonomous Landing of Reusable Rocket Stages

Autonomous vertical space landings attempts began in 1965 with the USSR’s Luna 5 mission to the
Moon, but a failure within its guidance system caused a crash landing. A year later, the Luna 9 mission
performed a successful soft-landing on the Moon and was closely followed by the American Surveyor
1 with a 50 km landing ellipse. Another year later, Surveyor 3 landed 2.76 km from its target [1]. This
paved the way for the Apollo Lunar Module’s Moon landing in 1969, utilising the Apollo Guidance
Computer for closed-loop control over attitude and throttle for the majority of the flight [2], with a quartic
polynomial in time used for the mission profile [3], [4]. Successful soft landings on Venus and Mars
followed, validating the autonomous system’s capability to achieve soft landings on various planetary
bodies.

The following missions, conducted between 1997 and 2011, advanced autonomous landing technology
through rover missions to Mars. The Mars Pathfinder', Mars Exploration Rover?, and the 2011 Curiosity
rover® landed within 150, 35, and 10 km of the launch site [5], showing a gradual increase in landing
accuracy as technology progressed. However, landing stages of launch vehicles back on Earth require
much greater precision, as the landing pad constrains its available size. For instance, an accuracy of
10 or 30 metres is the minimal requirement for returning to the launch site or landing on a drone ship
downrange [6], respectively.

The Falcon 9%, successfully landed by SpaceX in 2015, marked the start of a revolutionary shift in
launch vehicle design, transitioning from traditional expendable stages to reusable ones. This resulted
in reduced launch costs and allowed for more economically viable space initiatives due to lower barriers
to entry. Not only does cost efficiency boost private industry, but it also allows public bodies like NASA
to consider planetary exploration seriously.

For the first stage’s descent, the stage begins with a flip-over manoeuvre to orient the stage horizon-
tally towards its landing site. Then, a boostback burn provides the stage with the horizontal velocity

"https://science.nasa.gov/mission/mars-pathfinder/. Accessed: 18/06/2025.
2https://science.nasa.gov/mission/mars-exploration-rovers-spirit-and-opportunity/. Accessed: 18/06/2025.
Shttps://science.nasa.gov/mission/msl-curiosity/. Accessed: 18/06/2025.
“https://www.spacex.com/vehicles/falcon-9/. Accessed: 18/06/2025.

1


https://science.nasa.gov/mission/mars-pathfinder/
https://science.nasa.gov/mission/mars-exploration-rovers-spirit-and-opportunity/
https://science.nasa.gov/mission/msl-curiosity/
https://www.spacex.com/vehicles/falcon-9/

1.1. Reusable Launch Vehicle Landing and Staging 2

increment required to reach the landing pad. A ballistic arc follows this and, finally, a powered-descent
phase [7]. The powered-descent phase presents a challenging problem in terms of trajectory optimi-
sation, as failure to meet the landing site can result in a crash, which, in the case of a human mission,
could lead to astronaut fatalities, necessitating a robust solution. In particular, a leading approach is
convex optimisation, which works by applying lossless convexification to nonconvex constraints, allow-
ing for the finding of an optimal solution in real-time [5], [6]. The resulting output is a near-fuel-optimal
trajectory that satisfies the constraints. The Falcon 9 utilises CVXGEN 5 [8] to generate fast code for
quadratic program representable convex optimisation problems to provide a convex-optimisation solu-
tion in provably bounded solve-times, allowing for real-time trajectory alteration under uncertainty and
atmospheric disturbances. Alternatively, convex Model Predictive Control (MPC) [9] utilises a finite
time horizon to provide real-time bounded solutions, which can be extended to be robust to modelling
uncertainties and disturbances [10].

Behcget Acikmese has co-authored several foundational papers on applying convex optimisation to the
powered descent guidance problem, particularly considering the Mars landing scenario. Convex optimi-
sation can provide guarantees of global optimum convergence within real-time computing constraints.
His work demonstrates that the inherently nonconvex trajectory optimisation problem subject to state
constraints can be transformed into a convex problem, specifically a Second-Order Cone Programming
(SOCP) program. This allows it to be solved in polynomial time, making it scalable with problem size
growth, and to be solved "very efficiently” through primal-dual interior-point algorithms [3], providing a
solution to guidance determination that can occur onboard. Pontryagin’s maximum principle was used
to losslessly convexify the lower bound thrust constraint. Lars Blackmore extended this work to provide
a solution for when no feasible trajectory is apparent [11]. Following this, additional constraints were
added, including thrust bounds and pointing [5]. These models use a lumped mass rigid body model,
decoupling it from rotational dynamics, as attitude control is argued to be at a much higher bandwidth.

The Successive Convexification (SCvx) algorithm has been used by Michael Szmuk, Behget Agikmese
et al.® on the powered descent problem, providing a different approach to applying the trust region
method to non-convex constraints and nonlinear dynamics [12]. The model had a constant atmosphere,
drag coefficient, centre of mass, and inertia were assumed, with no lift. Following work introduced a
“tractable aerodynamic model” that approximated the aerodynamic forces and velocity vector relation-
ship through a spherical aerodynamic model, but still with constant aerodynamic coefficients [13]. A
six-degree-of-freedom (DoF) implementation by Szmuk utilised a single gimbaled thruster, providing
coupled rotational and horizontal motion.

Despite the success of SCvx, a growing research area is applying policy learning methods to the pow-
ered descent problem, motivated by the ability to execute a policy faster than optimisation solvers and to
handle sensor noise and disturbances by incorporating them into the environment from which it learns
or optimises a policy. Gaudet applied the Deep Reinforcement Learning (DRL) method of Proximal
Policy Optimisation (PPO) to a six DoF powered descent guidance problem to guide the rocket within a
five-metre landing ellipse, motivating reinforcement learning as a method to be independent to the flaws
of lossless convexification or optimal control requiring independently optimised systems for guidance
and control [14]. Specifically, lossless convexification research applies simplifications to the model to
make it solvable, such as linearisation. Gaudet’s work included rotational motion, but with fixed inertia
and centre of mass. Moreover, aerodynamics was neglected with only a normally distributed vector for
wind and "variations in atmospheric density”.

1.1.2. Optimal Staging of Reusable Launch Vehicle

A launch vehicle’s efficiency is crucial to minimise costs by increasing payload capacity. The optimal
staging procedure, based on the Tsiolkovsky rocket equation, is performed to maximise payload effi-
ciency by removing unnecessary mass during flight, thereby improving the rocket's mass ratio—the
ratio of initial to final mass—and enabling more effective propulsion over flight [15]. Early work staged
the launch vehicle in the absence of velocity losses, before later work incorporated an iterative loop
with trajectory optimisation to include these [16]. Jo and Ahn [17] extended this method for reusable
launch vehicles, which require extra velocity increments during the descent phase.

Shttps://ee.stanford.edu/news/2021/jan/stephen-boyd-cvxgen-guides-spacex-falcon?. Accessed 03-06-2025.
6In collaboration with Blue Origin LLC, a developer of reusable launch vehicles.
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A trajectory optimiser with inner loop controls generates these velocity increments in an iterative loop
with the staging procedure. However, specific launch vehicle design parameters should not be ne-
glected, including the number of engines, moment of inertia and aerodynamic reference area, which
should change with each iteration. Additionally, generating the descent velocity increments requires a
feasible trajectory constrained by the respective stage’s aero-mechanical-thermal constraints [7] and
actuator control authority.

Policy optimisation methods provide a unique solution to descent trajectory generation by directly learn-
ing strategies that satisfy constraints on each stage [18], [19], [20]. Classical control methods, such as
Proportional-Integral-Derivative (PID), for actuation or guidance typically require gain retuning for each
new configuration, which is often done manually or requires human inspection. In contrast, policy opti-
misation methods require a fixed set of hyperparameters that are kept constant throughout iterations,
thereby avoiding the need for complex optimisation solvers, constraint convexification, or model lineari-
sation, and provide a more accessible solution. Through interaction with a simulation, policies can be
learnt to enable robust control and feasible descent solutions that can generate velocity increments to
support the iterative staging procedure.

1.1.3. Policy Optimisation Methods

A Markov Decision Process (MDP) provides decision-making for a stochastic problem through states,
actions, rewards and transition probabilities; such that the next state depends only on the current state
and action [19]. The powered descent problem can be viewed as an MDP, allowing a policy to map
continuous state vectors (position, velocity, and attitude) to actions (throttle, gimbal, and deflections) to
maximise expected cumulative rewards under uncertainty. A Markovian problem allows policy-based
methods to directly optimise the action distribution, which can generalise high-dimensional functions
through the use of a neural network acting as a function approximator [18].

In the 1950s, Dynamic Programming (DP) [21] was developed by Richard Bellman. Here, a complex
problem is transformed into a sequence of simpler sub-problems, recording intermediate results to up-
date the global optimum incrementally. It is widely applicable to combinatorial optimisation problems,
where the previously computed outcomes affect the decisions at later stages. The Bellman equation
of DP finds the optimal value of each state recursively as the sum of the maximum expected immedi-
ate reward and the discounted value of subsequent states. DP applied to MDPs constituted the first
examples of RL, first through the value-based Temporal Difference (TD) algorithm in 1988 [22]. Here,
the value function estimates the expected cumulative reward from a particular state. The functions are
fitted by minimising the error between the predicted value and a bootstrapped Bellman value, known
as the TD error. Later, in 1989, Q-learning was introduced, which moved from a state-value function to
a state-action value function, predicting the expected cumulative reward from taking a particular action
in a state [23]. Secondly, DP suffers from the need to cover the entire search space to find an optimal
result, making it infeasible for large state spaces. As a result, Q-learning stores state-action values in
a Q-table, where the agent selects actions to maximise expected cumulative rewards, guiding it to an
optimal solution more quickly.

Q-learning provides discrete actions; transforming to continuous actions would lead to an infeasibly
large action dimension. As such, the direct policy method of REINFORCE was introduced by Ronald
Williams in 1992 [24]. This Monte Carlo method, which relies on transitions — sequences of states,
actions, and rewards obtained from environment interaction — updates policy parameters through
gradient ascent on the log-policy, with each action’s gradient scaled by the trajectory’s cumulative
return.

Q-learning suffers from the curse of dimensionality, where the neural network becomes increasingly
more complicated to fit as the number of features (inputs or outputs) increases. As a result, Deep Q-
learning (DQN) was introduced by Volodymyr Mnih and his team at DeepMind in 2013 [18], replacing the
Q-table with a neural network that serves as a function approximator and adding an experience buffer
to enable the resampling of transitions. Mnih’s work created an agent capable of achieving human-
level performance on Atari games from learnt policies based on pixel data. This combination of neural
networks and RL ushered in a new era in RL, focusing on DRL. Early work on Actor-Critic methods,
which combined value-based and direct policy search methods [25] through the separation of action
selection and value function estimation, were then extended to include neural network function approx-
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imators through Trust Region Policy Optimisation (TRPO) in 2015 [26], and Timothy Lillicrap and his
team at DeepMind introduced the Deep Deterministic Policy Gradient (DDPG) method in 2015; applied
to continuous action spaces on Atari games, breaking DQN'’s curse of dimensionality on continuous
problems.

Schulman introduced PPO as an extension to TRPO in 2017 [27], and later the Soft Actor Critic (SAC)
algorithm was presented by Haarnoja et al. in 2018 [28]. SAC is an off-policy actor-critic deep RL
method suitable for continuous action spaces, performing direct policy search on a stochastic policy
which aims to maximise expected cumulative reward and entropy to encourage exploration through
state-dependent Gaussian noise.

Neural networks in RL - a policy-gradient method - update their parameters through backpropagation
[29], propagating a loss backwards through each layer via the chain rule, yielding a partial derivative for
each parameter to adjust the weights to minimise the loss function. However, policy-gradient methods,
when optimising a non-convex objective, can get stuck in local optima or produce no gradients in flat
regions. Also, value function learning is hindered when non-informative gradients, such as those arising
from a non-smooth reward function, cause high variance. This corrupts the policy’s gradient updates,
which leads to catastrophic forgetting and noisy learning. Additionally, problems with a long time horizon
increase this variance, as distant rewards propagate further with the discount factor.

In 1950, Alan Turing conceived the first programmable computer as a “learning machine” whose de-
velopment — via an initial state, education and experiential modification—he explicitly likened to evo-
lutionary processes. Turing suggested that instead of trying to program an adult mind, it would be
more effective to program a child’s mind and then subject it to a process of education and experience
[30]. Twenty-five years later (1975), John Holland presented an overview of the adaptation of artificial
systems based on evolutionary methods [31], formalising the introduction of Genetic Algorithms (GAs)
[32]-[34]. In 1994, a GA was used on a toy lander simulation to fit the weights of a neural network in a
process the authors called Neuro-Genetic control [35], to evaluate its feasibility for trajectory planning,
building on work from References [36], [37]. Neuroevolution (NE) has become the standardised term
for using Evolutionary Algorithms (EAs) [38] to augment an artificial neural network’s topology, param-
eters or to optimise learning coefficients. Although augmenting topologies can provide a more efficient
network, it adds extra policy search overhead, which is unnecessary for simple problems [39].

In terms of NE as an alternative to gradient-based backpropagation methods, Salimans reviewed its
performance by comparing Covariance Matrix Adaptation Evolution Strategy (CMA-ES) against mod-
ern DRL algorithms, such as TRPO and Advantage Actor-Critic (A3C), on Atari games and MuJoCo
humanoid control problems [20], [40]. It was demonstrated that CMA-ES outperformed the DRL al-
gorithms in specific environments, particularly in those with long time horizons. Additionally, it was
shown to be invariant to RL’s issues with reward distribution and non-informative gradients, which are
caused by the use of a value function approximator. Furthermore, a GA performing neuroevolution was
compared on Atari games and showed competitive performance, outperforming sceanairos where RL
would get stuck in local optima, as GA is not gradient-based [41].

Swarming Intelligence (Sl) is a group of algorithms inspired by the collective behaviour of animals,
such as insect colonies, to explore parameter search. When used to optimise the parameters of neural
networks, it can be referred to as NE or neural swarm optimisation. In Sl, a particle represents a
candidate solution; for the NE case, the parameters of a neural network are iteratively updated based on
individual experiences and the success of other members within the swarm. Ant Colony Optimisation
was proposed in 1996 [42], and Particle Swarm Optimisation (PSO) [43] in 1995, with each having
additional variations [44], [45]. PSO has been used with Atrtificial Neural Networks to learn their weights
and parameters, for example, on the exclusive OR (XOR) problem [43]. Comparison studies have
been performed between backpropagation and PSO, showing contrasting results, with PSO converging
faster or only faster on problems with a high nhumber of local minima [46], [47]; the latter provides a
more critical analysis.

1.2. Research Gaps and Project Scope

The previous section introduced background information on the autonomous rocket landing control and
staging problem. Here, research gaps from this background will be identified, and the project scope



1.2. Research Gaps and Project Scope 5

will be constrained within the limitations.

1.2.1. Research Gaps

Subsection 1.1.1 showed a need for highly accurate and precise landings for reusable launch vehicles,
and that the descent procedure for a first stage landing is made up of multiple flight phases. Further-
more, current guidance and control methods have been shown to utilise trajectory optimisers like SCvx,
MPC, and lossless convex optimisation, accelerated through fast code generation 7, combined with in-
ner loop controls. The outer loop guidance simplifies to linear models by assuming fixed aerodynamic
coefficients, a constant moment of inertia, and a constant atmosphere. As a result, Gaudet argued that
an inner-loop controller is always required to correct for linearization errors and model fidelity reduction,
culminating in the proposal of DRL through PPO as an alternative solution.

However, Gaudet’s work also had many simplifications:

 Fixed inertia and centre of mass.

» A wet mass of 2000kg, much less than SuperHeavy’s 250 t and Falcon 9’s 25.6 t dry mass.

* Fixed thrusters with no gimballing.

» Neglected aerodynamics, and instead used a normally distributed force based on Mars’ wind.

* A starting altitude of 2.5km, much lower than for Earth landing, requiring avoidance of dynamic
pressure constraints [7].

To summarise, there is limited work in applying policy optimisation to the powered descent guidance
problem on Earth, under representative conditions.

Subsection 1.1.2 introduced the optimal staging procedure for reusable launch vehicles, noting that
it requires trajectory optimisation and parameter sizing to function effectively. Current trajectory opti-
misers require an outer loop to set the trajectory, followed by an inner loop that uses classical control
methods, often necessitating manual gain tuning for each new staging iteration. Policy optimisation
methods, on the other hand, considering PSO and RL, require only hyperparameters.

Finally, Subsection 1.1.3 introduced policy gradient and non-policy gradient methods, in the form of
RL and NE, respectively. NE has been demonstrated to perform better on long-term horizons and
high-variance reward landscapes [20], similar to the powered descent problem. The powered descent
problem action affects the long-term success of the episode. Secondly, it will be constrained by aero-
thermal-mechanical constraints [7], causing a high-variance reward landscape. As such, NE may be
better suited to solve the problem, but to the author’s knowledge, no such analysis has been under-
taken.

From the findings above, six research gaps are presented in Table 1.1.

Table 1.1: Research gaps identification.

Research Gap Description

1. Compare the performance of a policy optimisation method with a convex opti-
misation solver on the powered descent problem.

2. Imitation of a simple convex optimisation process through DRL, followed by
policy improvement.

3. Validate a policy optimisation method’s ability to generate velocity increments
to perform optimal staging without needing to retune hyperparameters.

4. Compare the performance of NE and DRL in solving the powered descent
problem, in terms of convergence time, accuracy and optimality.

5. Validate a policy optimisation method’s ability to perform powered descent on
Earth with higher fidelity models discussed in Subsection 1.1.1.

6. Proposal of a low-fidelity method for sizing parameters of a launch vehicle

following its staging, to facilitate incorporation with guidance and control.

"Falcon 9 uses CVXGEN.
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1.2.2. Project Limitations
The research gaps have been identified, but they must be aligned with the project’s limitations before
the research objective can be defined. The limitations are as follows:

» Time: The project must be completed within 28 weeks (excluding defence), as per the MSc Thesis
guidelines of the Faculty of Aerospace Engineering at TU Delft.

» Resources: Computational resources are limited to a laptop with 16 GB of RAM and a 4 GB
NVIDIA Quadro P1000 GPU. There is an option to access the Delft Blue supercomputer® or
utilise cloud computing; however, this comes with additional uncertainty and reduces flexibility.

+ Existing knowledge: The author’s starting knowledge is limited to the BSc and MSc Aerospace
Engineering, Control and Simulation curriculum at TU Delft®.

The limitations are analysed in Table 1.2, as applied to the research gaps proposed in Subsection 1.2.1.

Table 1.2: Analysing the limitations of answering the research gaps of Table 1.1.

Research Gap Main limiting factor(s)

1. Time, to implement a convex optimiser and a policy optimisation method re-
quires two custom solutions.

2. Resources, to generate solutions of a convex optimiser before imitating them
would increase the learning-step time of a policy optimisation agent.

3. Time, descent requires four flight phases, requiring a solution for each.

4. Resources, to fully compare the implementation, an extensive ablation study

must be performed to ensure the worst-performing solution is not due to incor-
rect hyperparameters.

5. Time and existing knowledge, higher fidelity models can encompass many im-
provements from the inclusion of accurate aerodynamics to fuel sloshing. Gen-
erating a validated model of a launch vehicle without access to proprietary data
or models is infeasible within the project timeframe.

6. None.

Research gaps one and two require a lossless convex optimiser or MPC implementation for compari-
son, which introduces additional complexity and later requires additional computational resources. Re-
search gap three requires trajectory generators and control systems for each descent phase of the
flight. However, these can be simplified by optimising policy only during the final powered descent
phase and utilising simple PID controllers and references for the preceding flight phases, with the abil-
ity to be automatically tuned through Sl or EAs. Additionally, for research gap four, the ablation study
can be performed in parallel to writing tasks.

Regarding research gap five, generating a complete launch vehicle model is infeasible; however, incor-
porating specific improvements is possible. For example, complex dynamics like hypersonic aerody-
namics [48], aerodynamic heating, fuel sloshing [49], and launch vehicle bending [50]. Finally, research
gap six has no notable limiting factors. As a result, research gaps three, four, five and six best suit the
project under its limitations, with the simplifications presented in this section.

Additionally, reusable launch vehicles are generally two-stage rockets (Falcon 9, Starship'®, New Glenn'"),
with only Starship providing a reusable second stage. To reduce the scope of the study, only a reusable
first stage shall be considered.

1.2.3. Research Objectives and Hypotheses
The identified research gaps of three and four aim to test the validity of using policy optimisation meth-
ods to generate velocity increments for descent, and compare the performance of gradient and non-

8https://www.tudelft.nl/dhpc/system. Accessed: 18/06/2025.
Shttps://www.tudelft.nl/en/ae. Accessed: 18/06/2025.
Ohttps://wuw.spacex.com/vehicles/starship/. Accessed: 18/06/2025
"https://www.blueorigin. com/new-glenn. Accessed: 18/06/2025.
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gradient (DRL and NE) methods applied to this problem. This leads to the following main research
objective:

To investigate the performance of gradient and non-gradient based policy optimisation methods for
first-stage landing during the powered descent phase.

The hypotheses of this study are presented below in Table 1.3.

Table 1.3: Hypotheses for the primary research objective.

Hypothesis Description References

1. Reinforcement learning algorithms can successfully control the [14]
powered descent phase of a launch vehicle’s first stage, achiev-
ing a stable landing.

2. The selected neuroevolution algorithm will require fewer training [20], [41], [47]
episodes to learn an effective control policy for powered descent,
compared to the selected reinforcement learning method, thereby
demonstrating greater learning efficiency.*

3. Policy optimisation methods can be effectively applied to deter- [17]
mine velocity increments for optimal staging in reusable launch
vehicles, yielding consistent performance when hyperparameters
are held constant across optimisation iterations.

* - There are many RL and NE algorithms; for the purposes of this study, one model-free RL algo-
rithm and one NE shall be chosen to be compared. Model-free RL'? is selected, as it is comparable
to Gaudet’s work [14], which used PPO, and Salimans’ work comparing NE to A3C and TRPO [20].
Moreover, NE shall only be conducted for policy parameter search, not for the network topology, to de-
crease the computational complexity of the work and maintain consistency with the work of Salimans
and Such [41].

The secondary research objective relating to research gaps five and six is:

To develop improvements in the iterative process of optimal staging and trajectory optimisation for
reusable launch vehicles, with a focus on the powered descent trajectory prediction and the
estimation of key design parameters, to support more efficient and reliable launch vehicle design.

Table 1.4: Hypothesis for the secondary research objective.

Hypothesis Description References
4. The developed methodology will estimate the inertia of a launch -
vehicle stage when provided with a specified stage mass at stag-

ing.

1.3. Research Questions
The research questions are formulated to address the chosen research gaps of three to six, test the
hypotheses presented in Table 1.3 and Table 1.4, and are based around the two research objectives.

RQ.1 How can policy optimisation methods be applied to find effective high-level trajectory planning
and mid-level guidance control strategies for the powered descent of a reusable launch vehicle’s first
stage?
» RQ.1.1 What policy optimisation algorithms are most suitable for performing powered descent?
» RQ.1.2 To what extent can the selected algorithms achieve a successful landing under represen-
tative powered descent scenarios on Earth?
+ RQ.1.3 How do the learning efficiency and stability of the different algorithms compare in this
context?

2The alternative is model-based RL, which is briefly introduced in Subsection 3.2.4 [51].
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RQ.2: What model fidelity is required to accurately represent powered descent flight for a reusable
launch vehicle’s first stage as a feasibility study for policy optimisation’s effectiveness?

* RQ.2.1 How can a representative initial condition for powered descent be generated based on a
realistic mission profile?

+ RQ.2.2 What are the key mathematical equations necessary for an adequate simulation model
of powered descent?

+ RQ.2.3 Which model extensions (e.g., aerodynamics, fuel sloshing) could most improve fidelity
for future research?

RQ.3: Do changes in launch vehicle parameters necessitate re-tuning of hyperparameters for learning
a policy to perform powered descent?

* RQ.3.1 How do the hyperparameters change the learning/optimisation stability and efficiency
regarding the chosen RL algorithm?

* RQ.3.2 How can policy optimisation be incorporated into the optimal staging procedure to handle
variations in launch vehicle parameters?

* RQ.3.3 How can a low-fidelity methodology estimate key physical parameters (such as inertia
and actuator sizes) for a launch vehicle following a staging procedure?

* RQ.3.4 How similar are the launch vehicle parameter estimations compared to the Starship launch
vehicle?

1.4. Report Structure

The report aims to answer the research questions presented in Section 1.3, which evaluate the effec-
tiveness of gradient and non-gradient policy optimisation methods in performing powered descent, with
the ultimate goal of integrating these methods with an optimal staging procedure for reusable launch
vehicles in future work. The report begins with an academic article in Chapter 2, focused on comparing
SAC and Particle SubSwarm Optimisation (PSSO) - the chosen gradient and non-gradient methods,
respectively - for the powered descent problem and evaluating the SAC’s sensitivity to hyperparameter
changes. Following this, a literature study in Chapter 3 provides the reader with background information
on rocket landing guidance, navigation and control systems, policy optimisation choices, RL, launch
vehicle sizing and simulation, and finally NE through EA and S| methods.

Chapter 4 presents additional results that complement the article, including verification, validation, and
the generation of an initial condition for powered descent following the outcome of the optimal staging
procedure. Chapter 5 evaluates the report’s findings, directly tying them to the research questions and
hypotheses presented, and then details recommendations and avenues for future work. Additionally,
Section A.1 presents the project planning and explains the deviations from the initial Gantt charts and
Work Breakdown Structures (WBS).
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Throttle Optimisation for Powered Descent: A Comparative
Study between Soft Actor Critic and Particle Subswarm
Optimisation Performing Neuroevolution

JR. van Zyl*
Delft University of Technology, Netherlands, 2628 HS

This study explored the application of particle subswarm optimisation - a non-gradient-based
swarming intelligence method - in neuroevolution for solving the powered descent landing
problem. It was compared to a gradient-based Soft Actor-Critic (SAC) reinforcement learning
algorithm under sparse and non-sparse reward settings. A simulation environment was developed
incorporating aerodynamic modelling, grid fins, thrust vector control, and variable inertia.
Results show that a Soft Actor Critic struggled with non-sparse rewards due to its inability to
generalise across the long-horizon powered descent task due to non-informative gradients from
high-variance state-action values. In contrast, learning with sparse rewards became trapped in
a local optimum due to a weak reward signal. Particle subswarm optimisation achieved rapid
convergence to feasible solutions and reduced propellant consumption, outperforming SAC due
to an episodic gated reward structure, local minima avoidance, and gradient independence.
This study establishes particle subswarm optimisation neuroevolution as a viable alternative
to reinforcement learning for the assignment of throttle during powered descent of a launch
vehicle’s first stage.

Nomenclature
A, = Nozzle exit area [m?]
d = Distance from rocket base [m]
C4,Cp,Cr,Cy = Grid fin’s axial force, lift, drag and grid fin’s normal force coefficients
D = Drag force [N]
f! = Fill level
F = Force [N]
g Gravitational acceleration [m/s]
1 = Moment of inertia [kg - m?]
L = Lift force [N]
m = Mass [kg]
M Mach number
M, Pitch moment [N - m]
Da = Atmospheric pressure [Pa]
De = Nozzle exit pressure [Pa]
q = Dynamic pressure [Pa]
RE = Radius of the Earth [m]
S = Launch vehicle’s frontal area [m?]
T, = Engine thrust without losses [N]
T8 = Gimballed thrust [N]
v = Speed [m/s]
y = Altitude [m]
a = Angle of attack [rad]
0 = (rid fin deflection [rad]
Y = Flight path angle [rad]

*MSc Student, Control and Simulation, Faculty of Aerospace Engineering, Kluyverweg 1, Delft, 2629 HS, Netherlands.
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% = Pitch angle [rad]
08 = Gimbal angle (pitch) [rad]
p = Air density [kg/m’]
T = Throttle
Particle Swarm Optimisation Variables
c1,C2 = Cognitive and social coefficients
fi = Fitness of particle i
I = Personal best fitness of particle i
x = Best fitness within subswarm s
felobal = Global best fitness
G = Number of generations
N = Total number of particles
Dcomm = Probability threshold to communicate
S = Number of subswarms
w = Inertia weight
\f = Velocity vector of particle i
X; = Position vector of particle i
X Personal best position of particle i
Xy Best position within subswarm s
xelobal = Best position across all subswarms
Qeomm = Soft influence coeflicient for best solution communication.
L€ = Random vectors sampled from 2/ (0, 1)¢
Iy = Projection operator onto bounded domain X
Teomms Tmig = Communication and migration intervals in terms of generations
Key Reinforcement Learning Variables
7_{target = Target entropy
N = Buffer capacity
Np = Batch size
Ng = Importance-sampling exponent number of annealing steps.
Di = Priority of transition i
P(i) = Sampling probability for transition i
Wk = Importance sampling weight for transition &
a, = Prioritization exponent
g, g, Oy = Actor, critic and temperature learning rates
B = Importance-sampling exponent
0 = Actor (policy) network parameters
T = Polyak averaging coefficient
Ty = Policy (actor) network
o1, P2 = Critic network parameters
v = Discount factor
v = Temperature parameter

L. Introduction

S urveyeror 1 landed with a 50km landing ellipse on the Moon in 1966, paving the way for planetary soft-landing

systems. In the 70s, the Soviet Union’s Mars 3 and Venera landers achieved soft landings on Mars and Venus,
respectively. From the 1990s to the 2010s, the landing accuracy on Mars increased significantly, from 150 km for the
1997 Mars Pathfinder mission to 10 km for the Curiosity rover [1]. However, greater accuracy is needed for launch
pad landing to the resolution of metres or tens of metres, and with a lower touchdown speed due to the greater mass
[2]. Additionally, although spacecraft have performed successful soft landings on multiple planetary bodies, including
comets and asteroids, rocket landing provides a challenging task due to a much larger mass onboard and a small margin
for failure.

The final phase of descent for a reusable stage is the powered descent arc, which presents a significant challenge,
constrained by dynamic pressure, terminal conditions of the landing pad position and touchdown velocity, and the
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desire to minimise fuel consumption for more efficient flight. Lossless convex optimisation and its extensions are a
leading solution applied to this problem, as they allow optimal solutions to be found in real-time [1, 3-6]. Secondly, it
has been used to minimise the final distance to the landing site when the stage is flying in a region with no feasible
solution [4]. Furthermore, neural networks have been used to generate an initial guess for a convex optimiser to reduce
computational demands and increase real-time feasibility [7]. Falcon 9 utilises CVXGEN* to rapidly speed up its
optimisation procedure through the generation of fast code [8], removing doubts about the real-time feasibility of
lossless convex optimisers.

Despite the success of convex optimisation, Deep Reinforcement Learning (DRL) has been explored as an alternative
solution to guiding and controlling powered descent [9]. DRL can provide integrated guidance and control, whereas a
convex optimiser would provide a solution based on a linearised and simplified model, requiring an inner loop control
to minimise tracking error. Although work has been done to minimise the usage of tracking error controls through a
convex Model Predictive Controller (MPC) [10], a finite-time-horizon optimisation solver. DRL can provide a solution
without the need for separate systems, due to optimal guidance that takes into account non-linear model features.

Neuroevolution (NE) provides an alternative policy optimisation method to reinforcement learning. NE’s non-
gradient black-box optimisation nature has benefits for specific problems, such as those with long time horizons and
non-smooth rewards [11]. Furthermore, it has shown competitive performance against RL on benchmark problems and
outperforms RL on certain tasks. A Genetic Algorithm (GA) performing NE has been shown to outperform RL agents
on benchmark problems, due to a GA’s ability to escape local optima easily [12].

The main contributions of this article include a three degree of freedom rocket model incorporating variable
aerodynamic coefficients and thruster pressure losses, to be used in future studies. Furthermore, an analysis is provided
into the feasibility of using Soft Actor Critic (SAC) and a custom Particle SubSwarm Optimisation (PSSO) algorithm to
learn a policy to provide a feasible powered descent throttle profile under a 65k Pa dynamic pressure constraint. To
ensure a fair comparison, an extensive ablation study is performed on the SAC, trialling different actor, critic, and
temperature learning rates, as well as the Polyak averaging coefficient. The SAC was tested in both sparse and non-sparse
reward settings, both failing to learn a feasible policy within 1000 and 2000 episodes, respectively. The PSSO employed
a gated reward structure and found a viable solution within 600 episodes across the swarm. An evaluation, backed by
literature, is provided on why the PSSO outperforms SAC for this problem.

This article starts by providing background to reinforcement learning and neuroevolution approaches applicable to
this problem in Subsection II.A and Subsection II.B, respectively. The background section is finalised with a description
of a launch vehicle’s flight to powered descent and the constraints it faces in Subsection II.C. Following this, the
problem is formulated by presenting the PSSO and SAC algorithms in Subsection III.A, the environment description in
Subsection III.B, and the experiments performed in Subsection III.C. The results of the experiments are presented in
Section IV, before being concluded, and future work directions discussed in Section V.

I1. Background
This section provides background on the problem, focusing on Reinforcement Learning (RL) for continuous
environments, Neuroevolution as an alternative to backpropagation and the launch vehicles’ flight to the powered descent
phase.

A. Reinforcement Learning

Reinforcement learning (RL) is a topic within the field of machine learning, where an agent learns an optimal policy
to provide state-dependent actions through interaction with an environment, aiming to maximise the cumulative reward
over an episode [13]. RL is a field with many algorithms to choose from; to perform algorithm selection between a
few, it can be reduced through the consideration of algorithm characteristics. First, the learning strategy determines
whether the policy will update dynamically as it progresses through the episode, known as online learning, or offline
learning, which occurs through a pre-collected dataset. Online learning enables the policy to adapt to changes within
the episode, but it can also lead to instability. Next, transition reusability is permitted if an off-policy method is chosen;
in this case, transitions are stored in a replay buffer to be sampled in a batch format during later updates. In contrast,
on-policy methods learn an optimal policy based on transitions generated by the active policy, thereby reducing sample
inefficiency due to the lack of data reusability. A final consideration is to choose a model-based or model-free method.
Model-based methods attempt to learn a dynamical model of the environment to support planning [14]. On the other

*https://ee.stanford.edu/news/2021/jan/stephen-boyd-cvxgen-guides-spacex-falcon?. Accessed 03-06-2025.
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hand, model-free methods learn policies and value functions directly from the collected transitions.

Replay buffers store the transition data for off-policy learning. First, a uniform replay buffer was used to play
Atari games, working in a first-in-first-out manner with random transition sampling, thereby breaking the temporal
correlation of consecutive steps [15]. After, the prioritised replay buffer (PER) was tested on Atari games and showed a
learning efficiency increased by a factor of two [16]. PER works by sampling transitions with a higher learning potential,
based on their temporal difference (TD) error, which quantifies the difference between the prediction and the updated
estimation of the state-action value pair, given the received reward and a bootstrapped estimation of the value received
for the next state. The Hindsight Experience Replay (HER) buffer is an alternative buffer based on goal-orientation,
where failed trajectories are relabeled as alternative goals that the agent did not achieve [17]. This motivates the agent
to improve sample efficiency in sparse reward environments by learning from unsuccessful attempts as if they were
successful.

Focusing on sample-efficient methods (online and off-policy) on a continuous domain, without the additional
complexity of model-based applications, several algorithms have been presented in the literature based on the actor-critic
framework. Here, an actor learns an optimal policy mapping the states to actions to maximise expected cumulative
rewards. Meanwhile, the critic learns a mapping of states and actions to expected cumulative returns, thereby reducing
the variance of training on raw rewards through smoothed action-value estimations. The mapping is learnt through TD
error minimisation.

Deep Q-learning (DQN) has successfully learned optimal policies for playing continuous Atari games [15] by using
neural networks to approximate the action-value function, thereby breaking the curse of dimensionality, as the neural
networks act as function approximators. However, as this algorithm works on a discrete action space, applying it to a
continuous action space would lead to a large action dimension, reducing learning efficiency, leading to the proposal of
the Deep Deterministic Policy Gradient (DDPG) method [18]; a model-free off-policy online learning method in an
actor-critic framework to learn mappings of state-action value functions and an optimal policy of state to actions. DDPG
uses action space noise for exploration to break the deterministic nature of the policy, and updates target networks
through Polyak averaging for enhanced learning stability. Twin Delayed DDPG (TD3) was proposed as an extension to
DDPG, utilising double Q-learning through double critics to reduce value function overestimation bias, and clipped
Gaussian noise for action-space exploration, reducing sharp action changes [19]. SAC was proposed as an alternative to
DDPG and TD3 to overcome the sensitivity of convergence to hyperparameter choices [20]. SAC maximises expected
returns and policy entropy to ensure sufficient exploration, with a learnable temperature parameter controlling the policy
update to maintain a target entropy.

B. Neuroevolution

Neuroevolution (NE) is an alternative to gradient-based methods for optimising neural network architectures and
parameters. Here, Evolutionary Algorithms (EAs) are employed as meta-heuristic black-box optimisers inspired by
nature [21]. In terms of tuning the parameters of a neural network, they start by initialising a population of bounded
candidate solutions, random weights and bias within a range, which are evaluated through a whole episode’s returns via
a fitness function; alike a reward function seen in RL. The fitness is then used to apply a nature-inspired operator to
change the candidate solution, before the process is iterated until convergence.

NE has been successfully applied to RL benchmark problems, including Atari games and MuJoCo’s humanoid
walking problem, using the covariance matrix adaptation evolution strategy (CMA-ES) [11]. In specific scenarios,
NE outperformed traditional RL algorithms of Asynchronous Advantage Actor-Critic (A3C) and Trust Region Policy
Optimisation (TRPO) due to NE working well on problems with long time horizons, and black-box optimisers not
being affected by reward distributions, allowing them to work well on tasks with sparse rewards where RL can be slow
to converge. Additionally, RL can struggle when presented with non-informative gradients of policy performance,
stemming from areas such as non-smooth rewards, which cause high variance in the value function and make it difficult
to learn. As NE avoids using a value function estimator, it circumvents this difficulty.

Genetic Algorithms (GA) have also been compared to RL for training deep neural networks to play Atari games,
showing competitive performance [12], with specific environments showing the GA outperforming traditional RL
methods theorised to be due to GA’s ability to escape local minima, whereas gradient methods can remain trapped. The
GA is a popular EA where a population of candidate solutions are called genes with each parameter being a chromosome.
For a neural network, each chromosome corresponds to a weight or bias. For each gene, an environment is initialised and
run, with the episodic reward evaluated through an objective function that returns the fitness of the solution, indicating
how well the gene performed. Parents are selected from the most promising solutions, with higher fitness. These parents
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share genes through a process called crossover, which is used to maintain diversity for exploration while exploiting
promising solutions, to create an offspring for the next population. A selection of the best-performing genes will be kept
in the new population (elitism). Finally, a small number of genes will be mutated to unlock new parameter combinations.
Swarming Intelligence (SI) is an alternative population-based search method, sometimes included under the umbrella
term of EAs, due to their similarity, but does not involve Darwinian-like mechanisms. As such, when used to tune a
neural network’s parameters, they can be argued to be included under NE. Ant Colony Optimisation (ACO) [22] and
Particle Swarm Optimisation (PSO), inspired by the social behaviour of birds [23], are popular ST algorithms, each
having additional variations [24, 25]. PSO initialises a swarm of randomly bounded particles. Like a GA, they are
evaluated on episodic return through an objective function that returns the solution’s fitness. The particles and the
swarm’s best positions (network parameters) are remembered and used to update the PSO. The PSO updates through
Equation 1. The particle’s velocities v update its positions x representing the parameters of the neural network. The
velocity updates through three mechanisms:
1) An inertia term encourages particles to search the environment through a velocity that moves the particle. The
inertia weight w decays over time, decreasing exploration.
2) The cognitive term brings the particle back to its best position. Here a random vector &) is multiplied by the
particle’s distance to it’s personal best position x*, weighted by the cognitive coefficient c;.
3) The social term pulls the particle towards the swarm’s best position. A random vector &; is multiplied by the
particle’s distance to the swarm’s best position x}, weighted by the social coefficient c;.

Vi — wy; o€y o (X —x;)+eréyo (X — X))
——

inertia cognitive social ( 1 )

X; <X;+V;

Backpropagation, the traditional RL update method, has been compared to PSO for updating a neural network’s
parameters. It was found that PSO converges faster on specific problems, attributed to problems with a high number of
local minima [26, 27]. To improve its optimisation quality, Corporate PSO (CPSO) was developed to split the swarm
into multiple subswarms [28], with periodic migration of particles and sharing of solutions.

C. Powered descent problem

A launch vehicle’s mission profile can be divided into segments, each bounded by guidance objectives, an unchanged
vehicle configuration and actuators. Considering a two-stage launch vehicle, ascent begins with a first burn that propels
the launch vehicle vertically upwards to clear the launch tower. After the launch vehicle pitches over, it performs a
gravity turn. The launch vehicle ascends through the dense lower atmosphere, causing dynamic pressure to increase,
which requires engine throttling to avoid exceeding dynamic pressure limits. For SpaceX missions, this is commonly
seen as 30 — 35k Pa. The launch vehicle pitches over through Thrust Vectored Control (TVC); as it pitches over, its
horizontal speed increases, which is required for circularisation in orbit. Following this, the stages separate, with the
first stage initiating its landing procedure and the second stage carrying the payload into orbit.

The first stage ascent burn is constrained by a horizontal and vertical velocity flight envelope, determining its ability
to perform a Return to Launch Site (RTLS) or Away From Launch Site (AFLS) landing scenario [29]. When travelling
to Low Earth Orbit (LEO) orbit, RTLS is available due to a steeper ascent than for Geostationary Orbit (GEO)[29],
which is desirable as the first stage lands directly back at the launch site, allowing for rapid reusability. For RTLS, after
stage separation, the first stage performs a flip-over manoeuvre through TVC to orient the first stage near the horizontal
position. Following this, a boostback burn occurs to provide the first stage with a horizontal speed, allowing it to return
to the landing pad.

When the desired horizontal speed is reached, the first stage coasts on a ballistic arc past its apogee, utilising cold
gas thrusters from its reaction control system to orient for a low angle of attack. This is crucial when it descends into the
denser atmosphere and vertical speed increases, as this procedure minimises aerodynamic moments. The ballistic arc
comes to an end when the first stage needs to reduce its speed to manage aero-thermal-mechanical load constraints,
through a burn. This marks the beginning of the powered descent phase, which RETALT, a EU-funded project to
develop and validate reusable vertical-landing launch vehicle technologies, divides into two burns with a ballistic arc in
between as depicted in Figure 1 [30].

1) Re-entry burn: to manage the velocity to within aero-thermal-mechanical load constraints. These loads occur

due to high dynamic pressure, aerodynamic heating, and structural stresses. The RETALT1 first stage has a
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maximum dynamic pressure of 100 kPa.

2) Low altitude ballistic arc: slows the stage down while providing trajectory correction from uncertainties in
previous flight phases and this ballistic arc. The desired outcome is to slow the vehicle to meet set initial
conditions for the landing burn.

3) Landing burn: aims to precisely land the stage on the landing pad with a zero touchdown velocity.

The Falcon 9 first stage also performs this split burn scenario. However, the Super Heavy booster performs a single

burn, as its design can handle the aero-thermal-mechanical loads present during re-entry, providing different options
based on the rocket’s configuration and launch vehicle trajectory.

2™ stage to orbit
e

Flip over

ScenarioR1A \
RTLS i ——

deployment I ’
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! ! . \
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Fig. 1 RETALT1 return mission profile [30]

II1. Problem Formulation
This section formulates the problem of comparing PSSO and SAC’s performance in learning to perform powered
descent. First, the SAC and PSSO algorithms are explained in Subsection III.A. Then, the environment is developed in
Subsection III.B. Finally, the experiments are described in Subsection III.C.

A. Policy optimisation algorithms

This section presents the pseudo-code for the two algorithms used, first the PSSO in Algorithm 1, and then the
SAC in Algorithm 2. First, the PSSO utilises independent subswarms to explore separate search trajectories. Each
subswarm updates as in vanilla PSO and with inertia weight decay. Then, after a set number of generations, several
random particles (1) are transferred between the subswarms, allowing underperforming swarms to be reinvigorated
for improved convergence. Moreover, the best subswarm has the opportunity to communicate its optimal position
through soft influence if a communication threshold is passed, by a random number.

The SAC is an actor-critic method utilising a Gaussian actor and double critics. The Gaussian actor outputs a mean
and standard deviation to provide state-dependent exploration. Entropy regularisation is used to encourage the policy to
explore, which is controlled through its temperature v, which the policy sets to ensure a target entropy is reached.

The experiments of the actor first utilised a uniform replay buffer; afterwards, a PER buffer was tried due to
its increase in sample efficiency [16]. The PER buffer uses Algorithm 3 to sample transitions with high TD errors.
Importance sampling weights w were used to weight the square TD error component of the critic loss. This augments
the critic loss function to Equation 2, with Nj, as the batch size, and the output y and state-action values Q4 from
Algorithm 2.

Np,

1
Lo= 5 D ml0sCa) ) N



Algorithm 1: Particle Subswarm Optimisation (PSSO)

Input: Generations G, population size N, number of subswarms S, inertia bounds win, Wmnax
1 Initialise S subswarms with random particle positions x; and velocities v; = 0;
2 Setw «— Wpnax;
3 Initialise global best fitness f&°°% «— —co, position
4 foreach s € {1,...,S} do
5 L Set subswarm best f¥ « —oo, X3 « None;

6 forg=1to G do

x&lobal  Nope;

7 foreach subswarm s € {1,...,5} do

8 foreach particle i in subswarm s do
9 Evaluate fitness f; « f(x;);

10 if f; > f then

11 LXZW—XI-, fl.*<—f,~;

12 if f; > f then

13 | XF X, e fi

14 | Update global best: x£°%8! « arg max, f*;
15 foreach s € {1,...,5} do

16 foreach particle i in subswarm s do
17 Sample &, &, ~ U(0, )4,
18

Vi wyitcr € o (X —x) +eréyo (X - X))

X; <X +V;

Project x; to domain: x; « Ilx(x;);

19 | Update inertia: w = wpy — =22z -y,
20 if g mod 7o, = 0 then

21 Identify the top-performing sub-swarm:
Shest <— argmax f"
N
2 foreach s # sp,,; do
23 if rand() < pcomm then
24 Soft influence X « (1 — @comm) Xi + @comm x;‘besl;
25 Re-evaluate new best performer f* «— f(x%);

26 if ¢ mod 7, = 0 then
27 L Migrate np,;; random particles across subswarms;

28 return Best position xslobal g fitness f global
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Algorithm 2: Soft Actor—Critic (SAC) with a uniform replay buffer

Input :Actor (policy network) parameters 6, critic (Q-value network) parameters ¢, ¢, target critic
parameters ¢, ¢, replay buffer R, intial temperature vy, batch size Nj,, Polyak averaging coeflicient
7, discount factor v, target entropy Hiarger» maximum number of episodes M, actor learning rate e,
critic learning rate a4 and temperature learning rate «,
1 Initialize g, Qg,, 0 ¢,;
2 Set¢; @i, R0, v vy n, < 0;

3 repeat

4 Reset environment to obtain initial state sq;

5 S; — 805

6 while not d; do

7 (e, 00) —mo(s1);

8 g ~N(0,1);

9 a; < Uy + 0y O &y

10 Execute a;;

11 Observe (ry, St41,d;);

12 Store transition (s;, as, 7+, 87, d;) in R;

13 if |R| > Nj, then

14 sample {(s;,a;, 7, 5}, di)}il\fi;

15 fori=1...N,do

1 (. ) =T (s):

17 & ~N(O,D);

18 a, — pu+o! 0g;

19 yi=ri +7y(min; Q- (57, a;) —vlogmo(a; | s7))
20 end

21 for j=1,2do

1 Np 2,

2 ¢j i~y Vo5 Lt (Qo; (50, ai) = yi) s
23 end

24 0—0+ag- V(.)NLb Zi(vlogﬂg(ai | S,‘) —minj Q¢j(sl~,a,~)) ;
25 v<—v+ay-V,,NLbZi(—vlog7rg(a,~ | i) = v - Hiarget) ;
26 for j=1,2do

2 | ¢ T+ (1-1)¢;

28 end

29 end

30 St < St+15

31 Ne — Ne+ 1

32 end
33 until n, = M,
34 return 6
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Algorithm 3: Prioritised Experience Replay (PER)

Input :Capacity N, prioritisation exponent a,, small constant &, batch size Np,, importance-initial sampling
exponent schedule Sy, final sampling exponent schedule 51, number of 5 annealing steps Ng
1 Initialize empty buffer R with capacity N;
2 Initialize priorities p; « 0 Vi;
3 while training do

4 Observe transition 7 = (s;, d;, ¥y, S;41, dy);
5 Compute temporal-difference error o, for 7
6 Set py « (|0/] +&);

7 if |R| < N then

8 ‘ Append 7 to R and p; to priorities;

9 else

10 ‘ Overwrite oldest entry with 7~ and its priority p;;
11 end

12 | if |R| = N, then

13 P(i) « P i,

jiPj

14 Sample indices {ik}kN:b] ~ P(i);

15 fork=1,...,Npdo

16 | we = (R PG)

17 end

18 Normalise wy < wy/max; w; Vk;

19 return {e; }, {ix}, {wk}

20 end

2 | By Bo+ (B~ Po) - min(1,/Np);
22 end

B. Policy learning environment
This section describes the simulation model used as the learning environment, with the initial conditions defined in
Subsection VI.B and the model parameters in Subsection VLA.

1. Reference frame definitions and transformations
Four reference frames were used in this study:
1) The body frame had y” pointing through the rocket’s nose, and x”’ perpendicular through the right-hand side;
eastward when vertically upright. The pitch (6) and flight path (y) angles went counter-clockwise from x”,
2) To obtain local vertical-local horizontal (LVLH) frame forces (F), Fy/), the body frame forces (Fy~, Fy») were
rotated around the pitch angle by Equation 3. The LVLH originated at the rocket’s centre of gravity, and x’
pointed horizontally eastward and y” vertically upwards.

Fy = Fyncosf + Fyrsing (3a)
Fyr = Fyrsinf — Fyr cos 6 (3b)

3) The landing site centred vertical-horizontal frame (x, y) was the same as the LVLH frame, but centred around
the launch tower/landing pad.

4) The aerodynamic reference frame for descent was defined as (x¢, y¢) originating from the centre of pressure,
having y“ aligned with the the velocity vector and x* 7 radians counter-clockwise. The transformation of the
aerodynamic forces (Fya, Fya) to the body frame is given in Equation 4, with the effective angle of attack (a.f)
being the angle of attack for a rocket in descent, as defined by Equation 5.

Fyn = Fya cOS @efy + Fya SIN @efy (4a)

Fyr = Fya $in @eff — Fya COS Qeff (4b)
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aef =y — (0 +7) (5)

2. Aerodynamics

The International Standard Atmosphere (ISA) defines atmospheric pressure, air density, and the speed of sound as a
function of altitude, enabling the calculation of dynamic pressure (¢) and Mach number (M). The dynamic pressure is
dependent on the speed (V) and air density (p), which itself is a function of altitude (y). The lift and drag coefficients
(CL, Cp) were functions of Mach number and effective angle; from this, the lift and drag forces (L, D) were calculated
in Equation 6b and Equation 6¢ respectively using the dynamic pressure and frontal area (S). Lift and drag act in the
—y% and —x“ axes, respectively. Finally, as the aerodynamic forces act at the centre of pressure, they generate a moment
(M) as defined by Equation 7. Here, d was the distance from the base of the launch vehicle.

q=1p(y)V? (62)
L = gSCr(aeg, M) (6b)
D = qSCp (e, M) (6¢)
M = (deg — dep) - F& )

3. Gravitational acceleration
The inverse-square law was used to model gravitational acceleration (g) as a function of altitude, as shown in
Equation 8. This assumed a spherically symmetric and non-rotating Earth. Effects due to Earth’s oblateness, rotation,
and local anomalies were neglected. The gravitational acceleration acts in the negative y”’ body axis.
Re \*
Rp + y )

g=g0'( ®)

4. Thrust vector controlled engines

Powered descent uses the gimbaled engines’ aboard the first stage to control its velocity, lateral motion and
orientation. The engines will experience pressure losses when the exhaust gases expand less efficiently than at their
optimised conditions, due to the nozzle exit pressure (p,) not matching atmospheric pressure (p,), leading to an under-
or over-expanded flow. Equation 9 models this converting the loss free thrust per engine (7, ) to the actual thrust per
engine (T) by adding pressure losses with A, being the nozzle exit area. Moreover, to reduce the action space and
learning complexity for this benchmark study, the engines had uniform throttle and gimbal angles, similar to literature
on convex optimisation for powered descent guidance [3]. The gimbal angle was a counter-clockwise pitch angle that
determined the thrust applied in the body frame, as shown in Equation 10.

T=Te+(pe—Ppa) - Ae ©)
Fyr =—T% -sin(6%) (10a)
Fyn =T# - cos(6%) (10b)
M. == (deg —dy)- T -sin(6%) (10c)

No fixed engines are typically active during powered descent.

10
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5. Grid fins

Grid fins provide excellent control in both angular and lateral directions, while also providing an additional drag
component to the vehicle. This study did not require angular control, as the aerodynamics effectively damped out the
angle of attack; only a throttle profile was desired, and no disturbances were present. The simplified grid fin model of
Equation 11 was used to provide an extra variable drag component through the grid fin’s axial force coefficient (C,)
modelled as a function of Mach number.

Fyr=2-q-S-Cq(M) - sin aefy (1)

6. Dynamics

The explicit first-order forward Euler numerical integration scheme was used to integrate the kinematics. Newton’s
2nd law, Equation 12, took the cumulative LVLH frame forces of gravity, thrust, grid fins and aerodynamic forces to
find the acceleration (a) of the rocket with respect to the landing site centred vertical-horizontal frame (x,y), by dividing
the force with mass (). This was integrated to find velocity and position.

F
F=m-a->i=a=— (12)
m

Euler’s rotational motion equation, Equation 13, was used to enact the moment’s change on the orientation (pitch) of
the rocket through an enacted moment on the stage’s inertia (/). As only pitch rotation was considered, no non-linear
coupling terms were included. This was acceptable as many studies regarding the powered descent problem only take a
three DoF model [1, 3-5], considering translational motion only, although a few do consider six DoF dynamics [6, 9].

i==% (13)

C. Experiment description

The landing burn will impose a dynamic pressure constraint of 65k Pa*, reduced from RETALT’s 100k Pa limit,
to demonstrate how policy learning can effectively manage heavy constraints that significantly affect the trajectory.
Secondly, this heavy constraint combines the re-entry and landing burns into a single phase. Three experiments were
conducted to demonstrate the performance of RL and NE methods, specifically SAC and PSSO NE. The experiments
aim to perform a successful landing with minimal touchdown speed. Each experiment used the same done condition of
speed beneath 5m /s between 0 and 1m, where an independent landing controller can take over. Early truncation was
employed to reduce the learning time of unsuccessful episodes, following the logic outlined in Table 1.

The observable action space was (y, vy), with the policy network outputting an action normalised through a tanh
activation function to (-1,1), before being scaled to (0,1). Input normalisation was used to promote learning stability by
normalising the initial conditions by their maximum [31].

Table 1 Truncation logic for a policy network performing powered descent.

Condition ~ Description

y<-10 The rocket has crashed into the ground.
Mpropellant < 0 Propellant is depleted.
q > 65kPa  Dynamic pressure constraint.
vy >0 Rocket moves upwards, away from the landing pad.
vy > 0.01 Rocket moves away from the landing pad.
g1s>6 Sustained 1-second g-load exceeds 6g.

EXP 1: PSSO-NE. A relatively small swarm of 150 particles split into two subswarms following the PSSO algorithm of
Subsection III.A using the hyperparameters of Table 6 was used. The sparse and gated fitness function of Equation 14
was applied to enable sequential optimisation. First, if the episode truncates above the ground, a penalty proportional to

*Similar to the Falcon 9.

11
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altitude was applied (r = —|y|). Then, after a ground impact, a terminal reward was given based on touchdown speed
(r =200 - |V]). Finally, when a successful landing occurred, the reward was the remaining propellant mass (r = m,,).

r(s,a) = H(y = 0.1) - H(truncated) - [y|+ H(0.1 - y) - H(truncated) - (200 — |V|) + H(done) - m,, (14)

Early termination penalty Crash landing serverity reward Landing reward

EXP2: SAC with non-sparse rewards. A non-sparse reward function of Equation 15 was shaped to encourage the
agent to steer away from early truncation using quadratic normalised penalties. These were activated by heavyside step
functions H(-) acting as if statements. This was accompanied by a descent progress term, and a slowdown reward for
the last 100 meters. A terminal reward of remaining propellant or normalised altitude was given for done and early
termination conditions, respectively. Utilising the knowledge gained from previous tests, coefficients were altered as
shown in Subsubsection VI.C.2.

_ 2
q — {ithres ) 1

2
. . 81s — Sthres, 1
r(S, a) :H—rmax,rmax {—H(CI - chres) . WQ - min l( _H(gls - gthres,ls) . WG . min |:( s thres, 1s ) , 1]

—_— Gmax ~ qthres 8max ~ Sthres,1s
Clipping
Dynamic pressure penalty G-load penalty
Yy vyl |yl mp
+Wp|1-=]|+H(100-y) -Ws- |1 - —— |- H(truncated) - W¢ - — ; + H(done) - Wp - ——
Yo 50 Yo Mp.0
Descent progress Slowdown near surface Early Termination Successful landing reward

(15)
EXP3: SAC with sparse rewards. The sparse reward scenairo gave rewards bound between (-6, 10), with a (-6, 6)
reward scale when excluding the sucessfull episode reward. Equation 16 contains four rewards, first a normalised
altitude penalty for early truncation before the landing pad, then a normalised velocity penalty for crash landing. The
arguably non-sparse reward component was the slowdown near the surface reward. Finally, there was a propellant
consumption fraction terminal reward on completed episodes, encouraging successful landing.

r(s,a) =—6- H(truncated) - H(y — 0.1) - Y + H(truncated) - H(0.1 — y) - (6 — %)
Yo

Early truncation before reaching pad Early truncation at pad

(16)

m
MLy 410+ H(done) - 2

2-H(100-y) - (1 - —
+ ( y) - ( 200 P

Slowdown near surface Successful landing

IV. Results
This section presents and analyses the results of the study. First, Subsection IV.A presents the PSSO results, then
Subsection I'V.B the ablation study for a SAC under a non-sparse reward setting, and finally Subsection IV.C the SAC
results with the sparse reward setting.

A. Particle subswarm optimisation performing neuroevolution

PSSO-NE uses non-gradient-based updates to optimise the policy network for powered descent. Figure 2 shows
the fitness of the subswarms, with the best global fitness and the average fitness. Generation 4 provided the first
initial solution satisfying the done condition. Following this, there were two successive steps at 18 and 34 generations,
which provided a more optimal trajectory and resulted in a 90-ton reduction in propellant used. Subswarm 1 found six
feasible solutions, whereas subswarm 2 found one over 47 generations, demonstrating the algorithm’s sensitivity to the
initial composition of the swarm. This indicated that multiple subswarms are beneficial for exploring different search
trajectories. The average fitness showed a mean increase over time, but with a flattening trend at 35 generations. The
fitness often followed an oscillatory trend, indicating high velocity changes in the particle, causing overshooting. The

12
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resulting trajectory of Figure 3 shows a feasible trajectory, but a non-optimal trajectory, as the optimal trajectory would
touch 65 kPa to minimise the flight time and hence the total propellant usage.

Best Fitness (103)

A

350 1

300 1

250 1

200 1

150 -

100 -

50 A

-

=@~ Global

0

10

Generation

Average Fitness (103)

5.0
2.54
0.0
-2.54
-5.0 1
-7.54
—10.0 1

=125

-15.0

20

Generation

T T

30 40

Fig. 2 Best fitness and average of two subswarms performing PSO to fit a neural network to perform powered
descent. The left plot (A) displays the best fitness values, with the global best indicated by a red dot. The right
plot (B) shows the average fitness of the subswarms, with the average value indicated in red.
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Fig.3 Trajectory of the final candidate solution from the PSSO performing NE of Figure 2.
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B. Non-sparse reward soft actor critic

1. Temperature learning rate

The ablation study started with the temperature learning rate. The policy update was under a fixed target entropy
equal to the negative action dimension, Hiareet = —dim{a} [20]. Temperature controls the exploration-exploitation
trade-off in SAC. An increase in temperature shows less exploitation. The temperature loss and learning rate control the
update of the temperature, with a lower loss indicating that the policy’s entropy is closer to the desired target entropy,
thereby balancing exploration and exploitation. Three temperature learning rates were tested across 1000 episodes,
under the fixed hyperparameters presented in the Appendix table of Table 4. The results are shown in Figure 4.

All temperature learning rates exhibited a convergence of the temperature loss to zero, with the intermediate learning
rate (0.0004) displaying the smoothest mean trend. In each case, the temperature dropped to approximately 0.02 by
27,500 steps. After the highest learning rate rose, a sharp increase was followed by a decline, indicating instability.
In contrast, the lowest learning rate also experienced a steep rise, but nears a plateau around 0.14. The intermediate
learning rate exhibited a steady increase in temperature, albeit with a high standard deviation, indicating consistent
dynamic updates to the policy’s entropy.

In terms of performance, all learning rates ended at similar training rewards. However, for the deterministic policy
evaluation shown by the evaluation rewards, the lowest learning rate led to a minor improvement. In contrast, the highest
learning rate had a sharp rise before plateauing. The intermediate learning rate rose to its highest evaluation reward
at 700 episodes, with a sustained variance indicating a changing policy and ongoing improvements. Consequently,
the intermediate temperature learning rate of 0.0003 was selected, as it balanced entropy adaptation with exploitation,
resulting in a continuously changing policy with a mean trend of growth.
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Fig. 4 Temperature adaptation in SAC RL for the first 1000 episodes of training. The figure presents, left to
right, top to bottom: (A) temperature loss, (B) temperature, (C) training rewards, and (D) evaluation rewards
for three different temperature learning rates: ajoy(q) = 0.001 (red), 0.0003 (blue), and 0.0001 (green). Shaded
regions represent +1c0, calculated using a moving window of 50 timesteps for plots A and C, and 20 timesteps for
plots B and D. Reward values in plots C and D are displayed using a logarithmic scale.
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2. Critic learning rate

The critic’s learning rate controls the update magnitude of the predicted state-action value (Q-value) network -
the critic. A low critic loss and rising Q-values were desired, as the former indicates a reduction in the difference
between the prediction and target state-action values, and the latter indicates an increase in expected cumulative rewards.
Figure 5 presents an ablation study of four critic learning rates from Se — 3 to le — 5. The highest critic learning rate
showed the best performance. First, the critic loss gradually decreased, albeit with high variance, indicating slight
instability. Second, the Q-values rose steadily above the others, and finally, both the evaluation and training rewards
were the highest. The critic’s dominating loss was from the TD errors, with a mean critic loss of 0.4 at a 37 Q-value,
which gave an approximate relative error of 1.7%.
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Fig. 5 Critic performance comparison in SAC RL for the first 1000 episodes of training. The figure presents,
left to right, top to bottom: (A) critic loss, (B) Q-values, (C) training rewards, and (D) evaluation rewards for
three different critic learning rates: «p = 0.005 (blue), 0.001 (red), 0.0001 (green), and 0.00001 (purple). Shaded
regions represent +10. For plots A, C, and D, this was calculated using a moving window of 50 time-steps
for plots A and C, and 20 time-steps for plot D. For plot B, the shaded region represents the batch Q-value o
deviation. Reward values in plots C and D are displayed using a logarithmic scale.

3. Polyak averaging coefficient

The target network update was controlled through the Polyak averaging coefficient, in turn affecting policy
improvement through smoothed target network updates. A smaller coefficient should lead to a slower update, promoting
stability. Conversely, a larger coefficient should facilitate faster adaptation, resulting in faster learning at the expense of
increased risk from faster-moving targets. This, in turn, can lead to noisy critic updates, ultimately degrading actor
performance due to poorly estimated Q-values. Figure 6 trials four Polyak averaging coefficients from 0.1 to 0.001,
revealing 7 = 0.005 as arguably the most favourable candidate. First, the two intermediate coefficients exhibited the
highest Q-value rise, and both converged to a near-zero critic loss, indicating good value prediction. The low coefficient
did not converge to 0 critic loss within 100 episodes, as it takes fewer steps overall. Likewise, with the highest coefficient,
but in this case attributed to a rise in temperature and not critic instability. The temperature increased exploration and
led to earlier episode termination, stemming from the actor producing lower entropy than the target in early training,
promoting the temperature to rise. The critic had a higher loss, causing worse actor updates, influencing the policy’s
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entropy. As a result, the lower intermediate value was chosen as the rewards end high with an early convergence in the
critic loss.
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Fig. 6 Polyak averaging coefficient (7) comparison in SAC RL for the first 1000 episodes of training. The
figure presents (A) critic loss, (B) temperature, (C) Q-values, (D) target Q-values, (E) training rewards, and (F)
evaluation rewards for four different Polyak averaging coefficients: 7 = 0.001 (red), 7 = 0.005 (blue), 7 = 0.01
(green), and 7 = 0.1 (purple). Shaded regions represent +1c. For critic loss and rewards, this was calculated
using a moving window of 50 timesteps for critic loss and training rewards, and 20 timesteps for evaluation
rewards. For Q-values and target Q-values, the shaded region represents the batch standard deviation o. Reward
values are displayed using a logarithmic scale.

4. Actor learning rate

The actor learning rate controls the effect of the gradient-based update of the policy network within the SAC. A
higher learning rate provides more aggressive updates, but can lead to instability, resulting in a balance that needs
to be found between learning stability and efficiency. Figure 7 shows the rewards, actor loss, and temperature for
four different actor learning rates, all of which converged to similar training and evaluation rewards. All actor losses
tended to approach negative 50, indicative of the Q-values of Figure 6. Still, the highest learning rate (4e — 3) caused
oscillations around a negative 50 loss, which was attributed to an overly large update over-correcting the policy as the
critic stabilised. The rest of the policies exhibited a smooth rise in evaluation rewards, along with the temperature
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decreasing to near zero, showing a well-balanced exploration-exploitation trade-off. This ablation study demonstrates
that the actor learning rate is of secondary importance to the critic hyperparameters after the maximum bound has been
found, as each learning rate yields a similar final performance. Resulting in the lowest actor learning rate of g = le =5
being chosen, as it should give the most stable updates.
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Fig.7 Actor loss and performance comparison in SAC RL for the first 1000 episodes of training. The figure
presents, from left to right and top to bottom: (A) actor loss, (B) temperature, (C) training rewards, and (D)
evaluation rewards for four different actor learning rate configurations. Shaded regions in plots C and D
represent +10 standard deviation, calculated using a moving window of 50 timesteps for plot C, and 20 timesteps
for plot D. Plot B shows the smoothed mean temperature values for each configuration. Reward values in plots C
and D are displayed using a logarithmic scale.

5. Long run analysis

A longer run, of 2000 episodes, using a uniform replay was performed, and the learning results are shown in Figure 8.
Colour-coded dashed vertical lines highlight key events. Additional graphs of the temperature and log probability, along
with the estimated Q-values, are shown in Figure 13.

* 0 — 390 episodes: The rewards remained near zero as the policy didn’t make it past the dynamic pressure
constraint. The actor loss rose sharply to peak at 200, and the critic loss was noisy, rising above zero. The
agent was untrained, and the critic loss was highly noisy because the critic had not yet been fitted to meaningful
estimates; as can be seen from Figure 13, which showed a significant decline in Q-values to a mean of -200, with a
trough just before 390 episodes. The actor loss rise is attributed to a low log probability and a high temperature,
as shown in Figure 12, where the mean log probability settled at one, equal to the action dimension, and the
temperature increased at episode 390.

. : The critic loss dropped to zero, and the actor loss decreased, as the critic’s Q-values rose
from better value estimation and increased expected cumulative rewards. The agent was learning well, so both the
evaluation and training rewards increased, while the temperature decreased as the policy’s entropy approached the
target entropy. Here, the policy started overcoming the dynamic pressure constraint but terminated early as the
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stage began to fly upwards. Near the end, the policy made it to the slowdown phase causing rewards to rise.

. : The buffer was now filled with good experiences. However, the rewards showed a mean
decrease as the policy terminated early, flying upwards before the slowdown phase. The actor loss had declined,
and the critic loss had moved slightly from zero, as the Q-values exhibited increased variance and minimum and
maximum values that were nearing positive and negative 200. This poor value estimation, stemming from new
transitions downrange, led to inaccurate Q-value estimations, resulting from the dominant TD errors, which in
turn worsened the critic’s performance and, consequently, the actors.

* 1070 — 1420 episodes: The Q-value variance decreased, causing a low critic loss and only minor changes to the
actor loss. The value estimations improved, and as a result, the rewards increased to the highest of this run, with
the critic loss (un-smoothed) rising at the end of this period. The rewards increased as the policy moved into the
slowdown phase, and the training transitions started to reach the landing pad, but at too high a speed.

* 1420 — 1610 episodes: The rewards dropped following the peak. As the raw critic loss was high (above 10), the
actor loss decreased due to overestimated Q-values, before increasing as the Q-values estimation improved. The
temperature fluctuated, rising and falling, as the maximum log probability lowered. Due to poor value estimation,
from high variance g-values, the rewards decreased.

* 1610 — 2000 episodes: The variance of the Q-values decreased, accompanied by a drop in the critic loss, causing
arise in rewards as the policy escaped the dynamic pressure threshold; similar to near 390 episodes, indicating the
policy was back to where it started.

The final trajectory, shown in Figure 12, indicates that the policy successfully passes the dynamic pressure constraint;

however, throttling too hard afterwards resulted in a positive vertical velocity 2.5 km above the ground, before the
slowdown reward was provided.
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Fig. 8 SAC RL over 2000 episodes. The figure presents (A) actor loss, (B) critic loss, (C) training rewards, and
(D) evaluation rewards. Raw data is shown in purple with low opacity, while smoothed trends are displayed in
blue. Shaded regions represent +10-, calculated using a moving window of 50 timesteps for loss plots and 20
timesteps for reward plots. Vertical lines mark key episodes (390, 730, 1070, 1420, 1610) across all plots.
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Fig. 9 The trajectory of the final SAC policy of Subsubsection IV.B.5

6. Prioritised Experience Replay buffer

The PER buffer performance was compared to that of a uniform buffer over 2000 episodes. Figure 10 shows that
although the PER had higher rewards on average, with low and stable actor and critic losses at zero, it followed the same
trend as the uniform buffer, as described in Subsubsection IV.B.5. Subsection VI.E, shows that the a used for the PER
buffer was the best performing.
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Fig. 10 Comparative analysis between Uniform and PER buffers in SAC RL over 2000 episodes. The figure
presents (a) actor loss, (b) critic loss, and (c) evaluation rewards. Shaded regions represent +10-, calculated using
a moving window of 50 timesteps for loss plots and 20 timesteps for evaluation rewards.
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7. Final ablation study results

Figure 15 of Subsection VLF confirms that the original discount rate of 0.99 was the best performing, due to
receiving the highest evaluation rewards when compared to 0.95 and 0.9 discount rates. Furthermore, the original L2
critic loss was shown to outperform L1 critic loss in Figure 16 of Subsection VI.G.

C. Sparse reward soft actor critic

The sparse reward environment showed decreasing critic and actor losses, indicating that the SAC is improving its
state-action value estimation and refining its policy accordingly. However, across 1,000 episodes, nearly 200,000 steps,
the agent did not learn a policy to pass the dynamic pressure constraint.
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Fig. 11 Training progression of SAC with sparse rewards over the first 1000 episodes. The figure presents,
left-to-right: (A) actor loss, (b) critic loss, and (c) evaluation rewards. Shaded regions represent + 10, calculated
using a moving window of 50 timesteps for loss plots and 20 timesteps for evaluation rewards.

V. Conclusion
This section concludes the study, evaluates the findings and presents possibilities for future work.

A. Results summary

Of the two algorithms tested, only PSSO-NE provided a feasible solution. It found this within four generations of a
150-sized swarm with two subswarms. Before reducing mass consumption by 90 tonnes. This solution successfully
avoided the dynamic pressure constraint and touchdowned with zero velocity. The subswarms exhibited different fitness
trends as they explored different search trajectories.

The SAC in a sparse reward setting underwent an ablation study on its key hyperparameters: temperature, actor and
critic learning rates, and the Polyak averaging coefficient. However, no feasible solutions were found in 2000 episodes,
in contrast to the PSSO, which provided a viable solution within 600 episodes across the swarm. High variance Q-values
and non-smooth critic loss show the SAC struggled with value estimation. Additionally, the sparse reward environment,
although showing a steady decrease in actor and critic loss across 1000 episodes, did not get past the dynamic pressure
constraint.

B. Reasoning neuroevolutions higher performance

The non-sparse RL agent has demonstrated an inability to generalise across states, as indicated by its temporal
difference error. Although gradient clipping [31]% and L2 regularisation [32] may help stabilise value estimation. On
the other hand, PSSO demonstrated excellent convergence to a feasible solution, resulting in a successful landing in a
relatively short time. PSO performs a black-box optimisation and, as such, was not affected by a reward distribution due
to the absence of value estimation [11], which caused problems with the non-sparse reward SAC.

Sparse RL showed an agent that struggled to pick up a policy to overcome the dynamic pressure constraint limit.
In a sparse reward environment, where feedback was scarce for most of the episode, the lack of reward gradients
hindered the agent’s learning efficiency. As a result, the policy got trapped behind the dynamic pressure constraint, a

$ Andrychowicz et al. specially state that "gradient clipping is of secondary importance" compared to value function normalisation [31].

20



30

local optimum. The NE implementation easily escaped this dynamic pressure constraint by having a swarm of diverse
candidate solutions. The diversity was increased through the incorporation of subswarms with migration and parameter
sharing.

Furthermore, PSO works with episodic reward, so a gated reward function was easily shaped to avoid reward hacking.
Additionally, episodic rewards provide the algorithm with a way to understand policies for long-term horizon problems
effectively. Alternatively, for SAC, incorporating N-step returns could improve the long-term horizon performance of
the SAC algorithm; however, this comes at the cost of higher reward variance [33].

C. Future work
Here, three recommendations for future research are presented in separate paragraphs.

NSGA-II is an EA that is well-suited to MOO [34]. For example, in control systems, this can be minimising rise
time while minimising overshoot. NSGA-II sorts the population by Pareto dominance into layers, where a solution
dominates another if it is at least as good as, or better than, the other in all objectives, presenting a helpful method
for encompassing all descent flight phases. This would work by having extra genes that control the boostback burn’s
terminal horizontal velocity and the high-altitude ballistic arc’s cutoff time, with the potential to extend this to the PD
controller gains within the arc. Here, the objective would be to minimise fuel usage, minimise vertical velocity at the
launch pad, and minimise the horizontal distance to the landing pad.

The horizontal wind profile is known before launch, and SpaceX now leverages machine learning for improved
predictions'. As a result, the trajectory generator can take into account the known horizontal wind; however, additional
actuators providing pitch moments and perpendicular forces would be necessary to achieve this. For example, movable
grid fins, gimbal systems, and variable throttle controls over the engines.

As model-free learning struggled to learn a policy to land the rocket, a change in algorithm or improved reward
shaping is required [35]. Reference [9] suggested that a reward function could be realised through inverse reinforcement
learning [36]. Alternatively, the PSSO’s trajectory can provide a velocity profile guiding the reinforcement learning agent
to a successful landing before applying terminal rewards to optimise mass. Alternatively, model-based reinforcement
learning can support problems with long time horizons, as it learns the system’s dynamics to roll out rewards that
support effective planning [37].

D. Reflection

Reusable launch vehicles extend the complexity of previous planetary landings, as they require a smaller acceptable
landing ellipse to meet the landing pad. As such, highly accurate methods are needed to facilitate this. The motivation
for reusable launch vehicles is to reduce the cost of access to space and to increase the number of launches per year
through rapid reusability. The reduced cost makes space more accessible to all, having potential economic, social
and environmental benefits. For example, Earth-imaging satellites in Brazil are used to find illegal mining operations
affecting the Indigenous communities!. Earth imaging satellites enable the prediction of natural disasters and provide
data on climate change, gathering information to inform the creation of crucial policies related to sustainability.
Furthermore, easier access to space also allows space agencies like NASA and ESA to consider planetary exploration
seriously. This work presents findings that motivate further research into using neuroevolutionary algorithms for
trajectory generation and optimisation of the powered descent procedure, contributing to the future development of
accurate and real-time feasible guidance and control systems for reusable launch vehicles.
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VI. Appendix

A. First stage design values

This appendix section documents the values used in the environment for purposes of reusability. A two-stage launch
vehicle with a reusable stage was optimally staged, considering estimated velocity losses taken from the literature [38],
to carry a 100-tonne payload to LEO. Following this, the quantity of engines (Raptor 3) for the first stage matches
the thrust-to-weight ratios of the Super Heavy Booster, setting the rocket’s radius and allowing for tank sizing, as
well as a low-fidelity estimation of the centre of gravity and inertia changes in the y”-axis with fuel consumption.
The values used within the environment are reported in Table 2, excluding aerodynamic coefficients, which are in
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the preceding section, and the inertia and centre of gravity functions, which are available in the GitHub repository:
https://github.com/JvanZyl1/PSSO-SAC-for-powered-descent.

Table 2 Environment parameters set to three significant figures.

Parameter Value Source

A, 1.33m>  Corresponds to the reported thrust for the Raptor 3 sea-level optimised engines of SpaceX.
dep 0.750 - L Forward of the centre of gravity to ensure aerodynamic stability.
L 50.4m  Estimated length to fit the propellant and structural mass within the rocket’s radius.
e 16 Number of gimballed engines aboard the first stage. 26 fixed engines are also present, but not
used during descent, as seen on Super Heavy.
De 100kPa  Sea-level atmospheric pressure, as Raptor 3 sea-level variant is assumed optimised for sea-level
atmospheric pressure.
S 108 m? A cylindrical rocket with a radius of 5.85 m to fit the 26 outer engines gives the frontal area.
T, 2.15MN  Corresponds to the reported thrust for the Raptor 3 sea-level optimised engines of SpaceX.
Vex 3430m/s Corresponds to the Raptor 3 sea-level optimised engines of SpaceX.

Aerodynamics coefficients for lift and drag are prescribed as functions of effective angle of attack and Mach number,
taken from the V2 curves as a benchmark [39]. The grid fin’s normal and axial force coefficients are provided as
functions of the local angle of attack at the grid fin and Mach number. Coefficient curves are taken from literature [40],
with the drag coeflicient approximated as the axial force coefficient.

B. Powered descent initial conditions

The powered descent phase starts at the end of a ballistic arc. Following rocket sizing using estimated velocity losses,
the launch vehicle ascends following a trajectory constrained by the RETALT flight envelope for a RTLS scenairo [29],
causing unused propellant from its allocation; which is acceptable as the velocity losses used in the optimal staging are
not accurate, as it is a first iteration. Following stage separation, assumed instantaneous, the first stage flipped over
and performed a boostback burn to an unoptimized boostback burn velocity of 100m/s; this incorrect velocity will
be updated in future work. This incorrect velocity will cause the rocket not to reach the landing pad, but it is not the
purpose of this study. After the ballistic arc concluded, the powered descent phase began with a low effective angle of
attack at a threshold dynamic pressure, carefully tuned to ensure maximum thrust is applied, thereby avoiding a lower
dynamic pressure threshold of 60 kPa.

Table 3 Powered descent initial conditions to three significant figures.

Variable ‘ t[s] x[km] y[km] vi[m/s] vy[m/s] @O[rad] @[rad/s] y[rad] m[t] m,[1]
Value ‘296 31.5 29.9 -52.2 -1030 1.52  0.000473 4.66 1630 1280

C. Policy optimisation algorithm parameters
1. SAC hyperparameters

Table 4 SAC hyperparameters used for the temperature ablation study.

Parameter Value \ Parameter Value \ Parameter Value
Actor’s hidden dimension 256 Actor’s hidden layers 2 Critic’s hidden dimension 256
Critic’s hidden layers 2 Initial temperature 0.2 y 0.99

T 0.005 Grad-max-norm (clipping)  10.0 Maximum replay buffer size 100,000
Actor’s learning rate 1x10~* | Batch size 256 Critic’s learning rate 1x10~4
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2. Reward function changes between experiments

Throughout the ablation study, the intuition gained allowed for a slightly tweaked reward function, as shown in
Table 5, which displays the reward coefficients for the tests. The values in bold indicate the coefficients influencing the
reward in these tests. A significant change in performance was observed when increasing the crash reward coefficient
from 5 to 50 during testing of the Polyak averaging coefficient; here, the reward was clipped to a value of -10 until the
ground was reached.

Table 5 Reward weights used for ablation study tests.

Ablation WQ Wg Wp Ws Wp Wce Clip
Mgy | 1 1 05 15 5 5 10
ag 1 1 05 15 105 5 10

T 1 1 05 55 405 50 10

ay 1 1 05 55 400 50 10

3. Particle SubSwarm Optimisation hyperparameters

The neural network consisted of three hidden layers, each with eight neurons, resulting in 169 parameters. The
network was kept small due to computational constraints, such that a swarm of 150 particles resulted in nearly one
particle per parameter.

Table 6 Particle SubSwarm optimisation hyperparameters

Variable Name | N S ¢1 ¢ Wmax Wmin  Tmig Mmig Pcomm Tcomm comm
Value 150 2 1.0 1.0 09 0.4 5 1 0.5 10 0.3

D. Extra long run results for SAC in the non-sparse rewards setting.
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Fig. 12 SAC temperature parameter and log probabilities during training 2000 episodes. The left plot (A) shows
the smoothed temperature coefficient, which balances exploration and exploitation by weighting the entropy term
in the objective function. The right plot (B) shows log probabilities of actions with mean (blue line), +1c bounds
(green area), and full range (blue area). Vertical lines mark key episodes (390, 730, 1070, 1420, 1610) across both
plots.
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Q-values

0.0 0.2 0.4 0.6 0.8 1.0
Steps (10°)

Fig. 13 SAC predicted Q-values over 2000 episodes. The plot shows mean Q-values (blue line) with +10- bounds
(green area) and full range from minimum to maximum (light blue area). Vertical lines mark key episodes (390,
730, 1070, 1420, 1610) across both plots.

E. Prioritised Experience Replay ablation study results
The PER buffer was tested against the uniform buffer. The PER buffers used a § of 0.4 and Ng of 100000 steps.
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Fig. 14 Comparison of SAC RL training using Uniform and PER buffers with varying prioritisation exponents
(a). Subplots show: (A) actor loss, (B) critic loss, and (C) evaluation rewards across training steps or episodes.
Each curve corresponds to a different buffer configuration: Uniform (red), PER o = 0.5 (purple), PER a = 0.6
(blue), and PER « = 0.7 (green). Solid lines indicate moving average trends (window size: 50 for losses, 20 for
rewards), while shaded regions denote + 10, reflecting statistical uncertainty. Results are averaged over up to
2000 episodes.
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F. Discount factor ablation study results
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Fig. 15 Comparison of SAC RL with different discount rates y over 750 episodes. The figure presents (A) actor
loss, (B) critic loss, and (C) evaluation rewards. Shaded regions represent + 1o, calculated using a moving window
of 50 timesteps for loss plots and 20 timesteps for evaluation rewards.

G. L1 and L2 loss
L1 loss calculates the mean absolute error through Equation 17, and L2 loss the mean squared error through

Equation 18. L2 loss squares the error and, as such, penalises larger errors heavily.

N

1 .

L= N;\yi -3 (17)
1 N

L= ) i) (18)
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Fig. 16 Comparison of SAC RL using L1 and L2 loss functions for the critic update. Subplots show: (A) actor
loss, (B) critic loss, and (C) evaluation rewards across training steps or episodes. Each curve corresponds to a
different loss function: L2 loss (blue) and L1 loss (red). Solid lines indicate moving average trends (window size:
50 for losses, 20 for rewards), while shaded regions denote +1¢.
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Literature Study

The chapter reports the findings of a literature study aimed at establishing a foundation for applying
policy optimisation methods to the powered descent problem. First, Section 3.1 reviews the current
Guidance, Navigation and Control (GNC) system used in industry and academic studies, along with
the flight phases encountered for a reusable launch vehicle. Following this, Section 3.2 reviews the
main choices in selecting a policy optimisation method for the powered descent problem to provide a
more targeted approach for the RL literature study of Section 3.3. Section 3.4 reviews Starship as a
case study, before documenting a procedure to stage a reusable launch vehicle optimally, and finally
presents launch vehicle modelling features from literature. Finally, neuroevolution as an alternative to
backpropagation is discussed in Section 3.5.

3.1. Launch vehicle landing control systems

Space exploration is a rapidly evolving field, with engineering advancements driving a shift towards
more precise and efficient landing systems. Landing systems are critical to enabling cost-effective
launches of satellites and human space exploration. Blue Origin and SpaceX have developed reusable
launch vehicles, such as the New Shepard 4' and the Falcon 9, to reduce the costs associated with
space access. The most advanced launch vehicle is SpaceX’s Starship, which has to hover accurately
a few 10s of meters above ground before being caught by metal arms, as shown in Figure 3.1. NASA’s
Artemis program? will extend reusable launch vehicles to the Moon and Mars, requiring landing systems
in environments less understood than Earth.

To land the launch vehicle, precision and robust control systems are required, containing sensors, ac-
tuators and control algorithms. To understand the traditional mechanisms and algorithms used, first,
RETALT1’s® GNC system was reviewed and applied to the problem definition in Subsection 3.1.1. Fol-
lowing this, the different flight phases a two-stage launch vehicle covers during ascent and landing
are reviewed in Subsection 3.1.2, focusing on the RETALT1 description and real-world mission profiles
from Starship.

"https://www.blueorigin.com/new-shepard. Accessed: 06/23/2025.

2https://www.nasa.gov/humans-in-space/artemis/. Accessed 23/06/2025.

3The RETALT1 project was a European Union Horizon program initiative to advance the research and development into
technologies needed for vertical landing launch vehicles. https://www.retalt.eu/project/. Accessed 23/06/2025.
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Figure 3.1: Starship catch. Image credit: SpaceX.

Finally, the popular high-level trajectory optimisation methods of convex optimisation are reviewed in
terms of lossless convex optimisation and MPC. Trajectory optimisation is a crucial aspect of landing,
as it ensures a safe and accurate landing with minimal fuel consumption. However, traditional methods
are shown to be computationally complex, which can limit their effectiveness in real-time applications,
resulting in a trade-off between solution optimality and real-time feasibility. Although CVXGEN, a gener-
ator for fast code for quadratic program representable convex optimisation problems, used the Falcon
9 diminishes the validity of this argument. Advances in machine learning in the field of deep reinforce-
ment learning have utilised neural networks as function approximators, providing a potential solution
that can offer a real-time feasible and integrated guidance and control solution. These three methods
are reviewed in Subsection 3.1.3.

3.1.1. Guidance, Navigation and Control architecture

GNC systems play a crucial role during powered descent by autonomously manoeuvring the spacecraft
to a safe landing. Here, RETALT1’s GNC system is reviewed as a case study [7]. Sensor readings
and a reference trajectory are the inputs to RETALT1’s GNC system. First, the flight manager sets
the flight phase, for example, vertical rising or boostback burn. Then, the navigation module takes in
sensor readings and processes them when required through techniques like filtering or state estimation
to estimate the state of the rocket. With the flight phase given from the flight manager, the estimated
state from the navigation model and the reference profile already generated, the guidance module
provides a reference attitude and actuation commands to the control module, where feedback is used
from the control system to augment its outputs (control reference). Finally, the control module controls
the actuators. This process is shown clearly in Figure 3.3.

To better understand the observable state of the vehicle without complex state-estimation techniques,
the sensors were examined. These are listed below, and the total observable state space is defined in
Equation 3.1. Aside from sensor readings, mass states are assumed to be observable, as the mass
used can be estimated from the throttle commands.

* Inertial Measure Unit (IMS): measures acceleration and angular velocity through gyroscopes and
accelerometers.
* Global Navigation Satellite System (GNSS): provides the rocket’s position.

« Differential Global Positioning System (DGPS): is similar to GNSS, but provides more accurate
position information through a ground-based correction.
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* Flush Air Data System (FADS): measures aerodynamic parameters like dynamic pressure, static
pressure, angle of attack, side-slip angle and Mach number.

« Altimeter: measures altitude.

0 = {x7y72}7 {676} a{wmawy7wz}7a7977757 P7M7pa 7mp7m (31)
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In terms of actuators, each thruster has a main valve that initiates or shuts down the thruster. Second,
for a full-flow staged combustion cycle, where the propellants are gasified in pre-burners and drive
turbopumps in the main combustion chamber, the turbopump’s rpm is altered to throttle the engines.
Furthermore, throttling is required during ascent to prevent the launch vehicle from travelling above
its dynamic pressure threshold. During ascent, the launch vehicle needs to build up vertical speed to
reach the desired semi-major axis and minimise gravity losses. However, it also needs to generate
a horizontal speed to ensure circularisation of the orbit, resulting in a curved mission profile, which
requires actuators to torque the launch vehicle into performing a pitch-over manoeuvre. In terms of
thrusters, the Thrust Vector Control (TVC) system is responsible for this. SpaceX’s launch vehicles
have a gimbaled pivot TVC system, a "simple, proven technology” [52].

Propulsive free flight, ballistic arcs, require actuators capable of attitude control without ignited thrusters.
Two systems are employed: the Aerodynamic Control Surfaces (ACS) are used in the lower (denser)
atmosphere, as their effectiveness is linearly dependent on dynamic pressure, and the Reaction Control
System (RCS) is used in the upper atmosphere.

The RCS provides small Av and orientation corrections in the upper atmosphere, but it is mainly used
for attitude control [52]. RCS’s control authority is dominated by cold-gas thrusters, with pairs in each
axis at the top and bottom of the launch vehicle, where the moment arm is greatest. Due to the "pair”
nature of the actuators, they can provide a pure moment without forces. Reaction wheels can also be
used for fine control without propellant consumption; however, only thrusters are considered here, as
they give a larger moment. Notably, SpaceX doesn’t carry dedicated cold-gas propellant, but instead
uses excess ullage gas. Ullage gas is an inert non-combustible gas, like gaseous nitrogen (/N3), used
to pressurise propellant tanks.

In terms of ACSs, Super Heavy, the first stage of SpaceX'’s launch vehicle Starship, features four elec-
trically actuated grid fins (Figure 3.2b), each containing a lattice of small aerodynamic control surfaces.
Mounted at the top of the first stage, a large moment arm allows for heavy attitude control, and it also
provides additional aerodynamic drag to the vehicle. Starship, the second stage of its namesake, uses
a pair of flaps at the top and bottom to control orientation, allowing Starship to perform a near-horizontal
"bellyflop” landing to utilise aerodynamic drag.

The bellyflop manoeuvre optimises landing fuel efficiency and manages re-entry forces. After re-
entering Earth’s denser atmosphere, Starship will reorient horizontally, as shown in Figure 3.2a, signifi-
cantly reducing drag and terminal velocity while distributing heating loads across the vehicle. At around
500 metres above ground, Starship’s sea-level-optimised Raptor engines reignite, and the rear flaps
fold inward, causing a rapid flip to vertical orientation. Aside from SpaceX, New Glenn, Blue Origin’s
reusable launcher, uses four adjustable fins at the top of its upper stage for aerodynamic orientation
control.
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7

(a) Starship’s orientation during bellyflop. (b) Super Heavy’s grid fins.

Figure 3.2: Aerodynamic control surfaces used by SpaceX vehicles. (Credit: SpaceX).

Using SpaceX’s Starship launch vehicle as a reference, the total available action space can be con-
structed. This is illustrated below, with the RCS simplified to a single moment command.

» Super Heavy contains 20 fixed perimeter engines, 13 gimballed engines, cold-gas thrusters for
reaction control and four grid fins.

« Starship has three fixed vacuum-optimised engines and three gimballed sea-level-optimised en-
gines used for the landing burn. Also, there are pairs of fins at the top and bottom of the stage,
along with a RCS.

QAsuperheavy = |:{Tia MVM@}?il, {afa w;" Zlil, MRC.S'7 {aigf’ wf'f }?:1 ] (3-2)
N~ —,——
Throttle Gimbal RCS Grid Fins
Astarship — [{Tia MVMi}?:p {gig, Tﬁf}?:h MRCSa {9ff}?:1 :| (3-3)
S~ ———
Throttle Gimbal RCS Grid Fins

The action space can be simplified for our problem by excluding roll control, which involves removing the
gimbal and grid fin roll angles, thereby reducing the number of controllable grid fins to two. Additionally,
for different flight phases, different actuators will be active, as set by the flight manager. Finally, the
gimbal and throttle commands can be uniform across each gimballed or non-gimballed thruster, thereby
reducing the complexity of the problem and, consequently, the time required to learn a policy. Applying
uniform thrust and gimbal angles if often seen in work on lossless convex optimisation for powered
descent [3].

The available action space in the reduced form for the problem is Equation 3.4 for the first stage and
Equation 3.5 for the second.

Asuperheavy = |:T) 09, Tres, algej}tv Hgifght:| (3-4)

_ l flap
Astarship = |:Ta 09, Trcs, aipzppem 9lower:| (3-5)
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Figure 3.3: RETALT1 rocket's GNC architecture for recovery [7]

3.1.2. Flight phases

As discussed in the previous section, the launcher has various flight phases, which can be viewed as
periods of flight characterised by specific aims and atmospheric conditions. For a two stage launch
vehicle the launch starts with a vertical rising phase where the launcher travels vertically upwards
to clear the launch tower, before the launch vehicle performs a pitch over maneuver called a gravity
turn to build the horizontal velocity required for orbital insertion [53]. The gravity turn may require
throttling to avoid breaching the launcher’'s maximum dynamic pressure in the denser atmospheric
layers. Furthermore, aerodynamic forces are directly proportional to dynamic pressure. Thus, a low
angle of attack is desired at high dynamic pressures to minimise aerodynamic disturbances and stress
aboard the vehicle.

After the first stage ascent burn, stage separation will occur. In cold-staging, the fairing between the
stages separates, and both stages coast for a few seconds before the second stage’s engines ignite.
However, Starship performs hot-staging to ignite the second stage’s engines before fairing separation.
This is beneficial as it reduces gravity losses and can provide the first stage with a pitch moment to
assist the flip-over manoeuvre.

After separation, the second stage performs a burn to direct it into orbit, using TVC to curve its thrust
vector and the RCS to counteract minor angular disturbances. Following the burn, it will coast to the
desired semi-major axis before a circularisation burn occurs. Trajectory optimisation for this second-
stage burn can utilise Pontryagin’s Maximum Principle to compute the thruster vector and burn time
[54].
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Meanwhile, after separation, the first stage begins its landing procedure by performing a flip-over
manoeuvre to rotate the stage to a near-horizontal position, setting up for the boostback burn to
cancel the horizontal velocity and direct it back to the landing pad. The TVC performs the flip-over
manoeuvre on a limited number of the gimballed engines, which are then fired at maximum throttle to
perform the boostback burn, which cuts off the engines once a terminal horizontal velocity has been
reached.

The direction of the flip-over manoeuvre depends on the landing scenario. Figure 3.4 depicts these two
scenarios, with scenario A showing Return To Launch Site (RTLS) and B showing Away From Launch
Site (AFLS) landings. For SpaceX, AFLS landings involve landing the launch vehicle’s first stage on
an autonomous drone ship downrange, and RTLS back at a landing pad near the launch site of origin.

Trading off, RTLS has lower operational costs and is logistically simpler, as no drone ship needs to
be deployed for recovery; this also results in faster refurbishment time, as the booster is closer to the
processing facilities. Secondly, there is less weather dependence as ocean conditions affect the fea-
sibility of an AFLS landing occurring successfully. However, AFLS requires less fuel as the boostback
burn needs to correct less of the horizontal velocity and thus allows for increased payload capacity. For
this scenario, RTLS will be considered due to its ability to allow for rapid reusability, one of the primary
motivations for reusable launch vehicles.

A high-altitude ballistic arc takes place after the flip over. The primary control authority for orientation
comes from the RCS as the stage is flying through the upper atmosphere, where the ACS is less
effective.

As the stage descends into the denser atmosphere, the dynamic pressure increases due to the higher
density and vertical speed. A burn then occurs to slow the rocket down to avoid dynamic pressure
limits, before decelerating for landing. Also, with higher dynamic pressure, the ACS becomes more
effective than the RCS and is used for orientation control.

For the SuperHeavy booster, this burn is referred to as the landing burn, and the engines continue to
burn until landing*®. However, for some mission scenairos, like RETALT1’s mission profile presented
in Figure 3.4, the burn is split into two burns with a re-entry burn to avoid the dynamic pressure limits
followed by an aerodynamic phase where the ACS maneuvers the stage, before a final landing burn.
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Figure 3.4: RETALT1 return mission concept [55]

3.1.3. Descent trajectory optimisation methods
Optimal descent trajectory generation for a launch vehicle involves balancing competing objectives,
resulting in a multiple-objective optimisation problem (MOOP). First, this MOOP aims to minimise fuel

“https://www.spacex.com/launches/mission/?missionId=starship-flight-2. Accessed: 23/06/2025.
Shttps://www.spacex.com/launches/mission/?missionId=starship-flight-3. Accessed: 23/06/2025.


https://www.spacex.com/launches/mission/?missionId=starship-flight-2
https://www.spacex.com/launches/mission/?missionId=starship-flight-3

3.1. Launch vehicle landing control systems 43

consumption while providing feasibility to the solution. Secondly, the solution must manage strict con-
straints throughout the flight on variables such as dynamic pressure and terminal conditions at the
landing site. Several optimisation frameworks have been used for the powered descent problem, each
with differing solution optimality, robustness and computational requirements.

This section reviews three key approaches found in the literature: first, Model Predictive Control (MPC),
which provides an optimal solution and updates with feedback to balance trajectory deviation and ac-
tuator usage, allowing for fuel consumption to be minimised. Secondly, the widely applied lossless
convexification and its extensions for powered descent provide reliable and efficient solutions, and are
proven upon the Falcon 98. Finally, a DRL approach is presented, along with the author’s (Gaudet)
argumentation on why this method was a valid choice.

Model Predictive Control

MPC is part of the optimal control family and utilises constrained optimisation at each time step. Given
the current state, the future states can be predicted over a finite horizon through the predicted control
inputs [56]. The cost function of Equation 3.6 is minimised to determine optimal inputs, while the states
and inputs can be constrained for feasibility. Here, @ and R serve as cost weights for state deviation and
control effort, respectively, setting the costs associated with state errors and actuation. The process of
a MPC is shown in Figure 3.5, containing a predictor, plant (simulation model), cost function, constraints
and an optimiser to track a reference.
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k=0
n
- predicted control E
H variables € [
n T
' Predictor H
; :
. H
1 Reference :
E values s
+
' o E Output
_;Q: Optimizer > Plant B
n |
Reference 1 :
values ) E 1 H
g H
; :
H H
H
' Cost Function Constraints E
n
- H

Figure 3.5: A schematic of how an MPC works [57].

Convex MPC has been introduced for rocket landing, to leverage its ability to solve optimisation prob-
lems while satisfying constraints [58]. In terms of rocket landing, it is constrained by dynamic pressure,
landing conditions, and thermal heating, and must optimise for minimal fuel consumption. In the convex
MPC method, the system is repeatedly linearised and non-convex constraints are convexified, allowing
a convex optimiser to be used. Furthermore, MPC has been used to minimise the usage of tracking
error controls [58].

Shttps://ee.stanford.edu/news/2021/jan/stephen-boyd-cvxgen-guides-spacex-falcon?. Accessed 03-06-2025.
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MPC provides a well-formulated solution for the rocket landing problem due to its ability to adapt to
uncertainties in real-time as a finite-horizon optimisation problem. Secondly, it ensures optimal perfor-
mance under constraints by minimising the tracking error and control effort. However, the finite-time
horizon can impact its long-term trajectory planning, resulting in a trade-off between computation time
and solution optimality.

Algorithm 1 Model Predictive Control (MPC) for Linear State-Space System

1: Input: Initial state x, prediction horizon N, reference state x.f, feasible set for states X, feasible
set for controls U, state transition matrix A, control input matrix B, state weighting matrix @, control
weighting matrix R.

2: for each time step¢=10,1,2,... do

3: Measure or estimate current state x;

4: Solve the following optimization problem:

N-1
min Z (%t — Xrer) " Q(Xek — Xrer) + 0/, R 1
{ut,.--,llH»Nfl} k=0

subjectto: xpy1 = Axy + Buy
x,€X, uweld, Vek=t,...;t+N—-1
5: Obtain optimal control sequence {u},...,u; y_;}

6: Apply the first control input u; to the system
7 Advance to the next time step

Lossless Convex Optimisation

Lossless convexification reformulates non-convex optimal control problems to convex problems where
the relaxed convex problem’s solution is also a solution of the non-convex problem, guaranteeing global
optimality and feasibility. Lossless convex optimisation has been applied to the concave powered
descent problem in the Martian environment [3], [5]. Minimum thrust and thrust vector direction were
convexified so that the optimal solution of the convex problem was the same as the concave problem.
A lossless solution occurs when the solution to the relaxed convex problem is equivalent in optimality
to that of the nonconvex (concave) problem. A benefit of lossless convex optimisation is that interior
point solution methods can guarantee solutions within a bounded time [14].

Algorithm 2 Lossless Convexification

1: Input: Non-convex optimal control problem

2. Reformulate non-convex constraints as convex relaxations.
3: Formulate the convex relaxation of the original problem.

4: Solve the convex problem with a convex optimisation solver.
5: if solution satisfies original non-convex constraints then

6: return Solution globally optimal.

7: else
8 return Solution cannot be found.

A lumped mass rocket model with three DoF translation motion and rotational motion considered un-
coupled had lossless convexification successfully applied to solve the powered descent problem on
Mars [3]. The thrust and cant angles were assumed to be uniform over the thrusters. Position and
velocity were used as the decision variables. The objective was to minimise fuel consumption, which
is equivalent to thrust minimisation. A simple introduction of a slack variable on a nonconvex thrust
constraint Tyin < [|T'(¢)|| < T»,Vt € [0,t/] allowed the problem to be formulated as a Second Order
Cone Programming (SOCP) problem. The constraints were convexified and formulated as an SOCP
problem, then discretised into a finite-dimensional problem so optimisation solvers can handle it. This
approximated the control inputs as a linear combination of basis functions.
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SOCP is a class of convex optimisation problems with constraints including second-order (Lorentz)
cones [59]. This is shown in Equation 3.7, with f as the cost weighting, = the decision variables, m the
number of constraints, and A, b, ¢, d, F, g are constraint parameters’.

minimise: /7 -
subject tO:HAi - X+ biHQ < CiT +d;i=1,....,m (3.7)
F.-z=g

Blackmore extended the study to include minimum-landing error approach. The aim was to minimise
the final distance to the landing site when there was no feasible trajectory due to constraints. First,
the algorithm assumes it is feasible and solves the problem as before; if it is found to be infeasible, a
new trajectory is found to minimise landing error [11]. Later, Agcikmese and Blackmore extended this to
include constraints on thrust pointing [5].

Successive Convexification (SCvx) was introduced as an extension to this algorithm through applying
the trust region method differently to nonlinear dynamics and non-convex constraints. Successive con-
vexification is an iterative approach to handling non-convex problems with non-convex state constraints
and nonlinear dynamics, achieved by repeatedly linearising and convexifying around the current solu-
tion. This allows the problem to be solved as a sequence of convex subproblems, with the optimality
guarantees of lossless convexification. This approach has been successfully applied to the planetary
landing problem with collision avoidance constraints [60]. This algorithm iteratively convexifies the prob-
lem before applying a "project-and-linearise” procedure to transform the non-convex constraints (state
and dynamic) into convex approximations, solving the problem as a sequence of smaller problems. In
more detail, the current solution was iteratively projected onto the feasible set from the non-convex
constraints before being linearised around the constraints. Finally, it was shown to converge quickly
than lossless convexification on this problem. SCvx has been used to extend the work of Blackmore
and Acikmese to incorporate aerodynamic drag [12].

Algorithm 3 Successive Convexification

1: Input: Non-convex optimal control problem

2: Initialise trajectory: the sequence of states over time from the initial to final state (e.g.) position,
velocity.

3: Initialise controls: the sequence of control inputs over time (e.g.) throttle command.

4: repeat

5: Linearise or convexify dynamics and constraints around the current solution.

Formulate and solve the resulting convex subproblem.

Update trajectory and controls.

N o

Szmuk, Reynolds and Agikmese presented a real-time feasible SCvx formulation for a generalised free-
final-time 6 DoF powered descent guidance problem [13]. Key innovations include a free-ignition-time
modification, a "tractable” aerodynamics model, and a continuous state-triggered constraint framework.
The free-ignition-time modification found the optimal engine ignition time following a coasting phase.
While the continuous state-triggered constraint framework automatically enabled constraints based on
the system’s state, these were:

» An "angle of attack state-triggered constraint”: the angle of attack is limited at large dynamic
pressures.

» A “field of view state-triggered constraint”: limits the line of sight angle to the landing sight at a
certain distance from the landing site.

The resulting non-convex optimal control problem was transformed into a sequence of convex SOCP
subproblems, which were solved using SCvx, utilising modified trust regions to address artificial un-
boundedness and virtual control to address artificial infeasibility. Virtual control is an artificial control
input added to the dynamics for each subproblem, allowing the optimiser to "violate” the linearised

"Note that the variables used here are not included in the nomenclature.
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dynamics when necessary to prevent infeasibility due to linearization errors or underperforming initial
guesses. A heavily weighted penalty term was added to the cost function to push virtual control terms
to zero upon convergence. Artificial unboundeness refers to “linearised constraints” permitting "the
cost of a subproblem to be minimised indefinitely”; as a result, a soft quadratic trust region was added
to the cost function. Additionally, they note this ensured that the solve step did not deviate significantly
from the reference trajectory of the propagation step.

Shen, Zhou and Yu combined convex optimisation with deep neural networks to generate their initial
guesses; this reduced computational demands to a 40.8% computational time with 99.1% of test cases
reaching real-time requirements [61]. This provided a proof-of-concept for data-driven control tech-
niques to emulate the optimal behaviours of a convex optimiser, albeit only for the initial condition and
not over the entire trajectory.

Deep Reinforcement Learning

Gaudet, Linares and Furfaro applied DRL to a 6 DoF planetary landing problem on Mars. PPO learns
a policy to map the vehicle’s state to thrust commands of separate engines [14]. They argued that DRL
bypasses the need for individual guidance and control modules, which convex optimisation requires
due to simplifications in linear models and the convexification of constraints. DRL thus can provide an
end-to-end optimisation solution. Rewards were shaped through a reference velocity profile to guide
the lander towards a soft landing within a five-meter ellipse and at a speed of less than 2m/s. The
authors argued that the velocity target was required, as only a reward for pinpointing landing would
cause the policy to never meet the landing target in a feasible number of iterations. Alternatively,
inverse reinforcement learning could be used to learn a reward function; however, it was deemed too
time-intensive [62], [63]. Terminal rewards incentivised upright attitude and minimal rotational velocity
at touchdown. Additionally, a novel improvement was separate discount rates for terminal and shaping
rewards to improve learning stability.

Pinpoint accuracy was achieved under Monte Carlo tests, despite disturbances from sensor noise, wind
disturbances, and mass variation. Fuel consumption was 4% higher than 3 DoF optimal control (the
GPOPS? algorithm was used), acknowledged due to a suboptimal target velocity. Additionally, an 800m
divert manoeuvre was tested, resulting in a 30kg average increase in fuel, with no impact on overall
performance.

3.2. Policy optimisation families

The powered descent problem presents a challenging guidance and control problem. Current control
methods for powered descent employ convex optimisation with SOCP solvers or an MPC to control
the trajectory. Previously, the real-time feasibility of these algorithms was a key constraint; however,
Falcon 9 utilises these algorithms with fast code generation to provide a validated real-world use case.
Alternatively, policy optimisation methods can provide a real-time, feasible, and integrated guidance
and control solution by learning an optimal policy directly on non-convex constraints and non-linear
dynamics. For the control part of GNC systems, traditional control methods, such as Linear Quadratic
Regulators (LQR), PID controllers, and feed-forward models, are employed to provide reference track-
ing and reject disturbances. This thesis aims to investigate the application of policy optimisation meth-
ods over current methods for the powered descent problem. Optimal control policies can be learnt
through interaction with a simulation environment, without the need for carefully formulated optimisa-
tion problems or convexification of constraints.

As there are many policy optimisation methods available, decisions can be made regarding which family
they are from to reduce the scope of the literature study. These choices are shown in Figure 3.6.

» The algorithm family (Subsection 3.2.1) decides the best policy optimisation group for the study.

» The learning strategy (Subsection 3.2.2) determines whether learning will occur online or offline,
thereby deciding whether updates will be made within flight or on a fixed dataset.

* Policy learning (Subsection 3.2.3) decides whether to use off or on-policy learning, referring to
whether to update the policy experiences generated by the current policy.

8https://gpops2.com/. Accessed: 23/06/2025.
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» The control has the option to use a model to guide decision-making through model-based meth-
ods. Alternatively, model-free methods learn a policy through environment interaction without
using a learnt model to change its policy. Model-based methods utilise a learnt or known en-
vironment model to plan future outcomes, guiding the policy update. Alternatively, model-free
methods learn a policy directly through interaction with the environment. This was covered in
Subsection 3.2.4.

Leamning Strategy Policy Learning
| 1
y I — : v . . v
‘ Online ‘ ‘ Offline ‘ ‘ Offpolicy ‘ ‘ Onpolicy
Dynamics Algorithm Family
|
¥ v L] L J
‘ Model based ‘ ‘ Model free ‘ Monte Carlo Temporal difference Dynamn_: Evolutionary
programming

Figure 3.6: Key decisions for selecting a policy optimisation method.

3.2.1. Algorithm families
Policy optimisation methods have been divided into four groups:

* Monte Carlo methods: average returns over complete episodes to update the policy [19].

» TD methods: use incremental learning to update value estimates from differences in actual and
predicted rewards.

» DP methods: require complete knowledge of the environment, but are often impractical for large
systems due to high computational requirements [64].

» Evolutionary methods: are gradient-free methods which optimise policies through algorithms in-
spired by nature. However, they can be sample-inefficient due to a large number of independent
policy searches required to cover the chosen search space.

These methods can be combined with neural networks to serve as function approximators, effectively
handling complex and continuous problems [18]. TD methods, encompassing RL, were chosen over
Monte Carlo and DP methods due to increased sample efficiency and scalability to significant problems.
Secondly, evolutionary methods are chosen as a non-gradient method to be compared to RL®.

3.2.2. Online vs Offline learning

Policy learning can be divided into online and offline learning [19]. Offline learning uses pre-collected
data or simulations to train policies, whereas online learning can dynamically adapt to the environment
in real-time. Offline learning enables training before deployment, which is particularly practical in safety-
critical applications, such as launch vehicle landings. Alternatively, online learning can occur within a
simulation, allowing policy to be updated in real-time before deployment.

Online learning within simulations has to be used as the policy will be initially insufficient to perform
powered descent without the use of an expert solution generating a dataset.

3.2.3. Off-policy vs On-policy methods

The on/off policy nature determines how the agent uses environment transitions to learn optimal policies.
On-policy methods only update on data generated by the current policy [19]. For example, Q-learning
updates the action-value function with the maximum expected future rewards from the next state, inde-
pendent of the current policy, allowing the agent to learn the optimal policy independent from its own
actions [23]. A key benefit of this is that the policy continues to learn from exploratory or suboptimal
transitions, increasing its ability to generalise.

9Evolutionary methods are independent of the on/offline and off/on policy decisions.
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Alternatively, off-policy methods utilise experiences generated from different policies or expert solutions,
stored in a replay buffer. For example, State-Action-Reward-State-Action (SARSA), where the action-
value function is updated by the agent for each action taken using the received reward and value of
the next state-action pair chosen by the current policy [19]. This allows the agent to learn from only its
own transitions with the environment directly.

Off-policy methods are more sample efficient as they can reuse previous transitions through a buffer
and, as such, are chosen [65].

3.2.4. Model-free vs Model-based methods

Model-free control methods have emerged as promising candidates to learn an optimal policy for launch
vehicle landing. For example, PPO, a model-free RL algorithm, has successfully learnt policies for
Martian powered descent [14]. Model-free methods directly learn a policy through interaction with
the environment without requiring a learnt or given high-fidelity mathematical model of the underlying
dynamics. Furthermore, PPO has been utilised with a “random annealing jump start” to improve the
tractability of applying RL to the powered descent problem [66]. Alternatively, model-based methods
can roll out a trajectory to support the planning capabilities of policy, which can benefit tasks with long
time horizons.

Due to proven examples of model-free RL on the powered descent problem, and the lack of needing
to learn a dynamics model, model-free methods are chosen over model-based methods. However,
future work could compare model-based and model-free methods on this problem.

3.3. Reinforcement Learning

RL is a topic in machine learning where agents are trained to learn decisions through environment
interaction, as visualised in Figure 3.7. A reward function indicates the solution’s optimality, leading the
agent to converge to an optimal policy, where the actions that maximise reward are known for each state.
The extension of deep reinforcement learning utilises a neural network as a function approximator to
extend RL'’s feasibility to larger problems.
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Figure 3.7: Reinforcement Learning Model

This section aims to explain the theory behind model-free, off-policy, and online learning RL methods,
and to survey techniques that can be used to help stabilise and speed up learning. First, the reader
is provided with foundations in DRL through the presentation of Q-learning and Deep Q-learning in
Subsection 3.3.1. To facilitate off-policy learning, various types of replay buffers are documented in
Subsection 3.3.2. As exploration is key to unlocking new control strategies for the agent, a literature
review of exploration strategies relevant for this problem is conducted in Subsection 3.3.3. Following
this, the algorithms used for learning a problem of our specification are provided in Subsection 3.3.4.
Finally, techniques to aid learning stability and efficiency are presented in Subsection 3.3.5.

3.3.1. Q-learning
A value-based algorithm with an agent learning values of action-state pairs to choose the resulting
actions to maximise rewards [23]. This is an off-policy algorithm, so it learns the optimal policy inde-
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pendent of the agent’s actions, allowing for model-free RL, as the agent learns the optimal action-value
function Q* (s, a) through interacting with the environment, providing the maximum expected rewards
R(st, ay) from acting a; in the state s;. The function is updated through Equation 3.8, where the pa-
rameters of the Q-network are periodically updated to match those of the target network. Here, the
discount v determines the importance of future rewards, and = determines how much new information
updates the current Q value.

Q(s¢,a1:0) < Q(s4,a450) + a[R(s¢,a¢) + ngaXQ(StH»atH; 07) — Q(s¢, a5 0)] (3.8)

This section then discusses the extension of the Q-learning algorithm. First, Deep Q-learning (DQN),
which leverages neural networks acting as function approximators to extend Q-learning to high dimen-
sional problems. Then, duelling Q-networks, which help in scenarios with sparse rewards, and finally
double Q-learning is shown to help reduce value function overestimation bias.

Deep Q-learning

DQN was developed to learn how to play Atari 2600 games [18], [67]. DQN allows learning of more
complex environments, overcoming Q-learning’s "curse of dimensionality” through generalisation over
similar states. Standard Q-learning (as in Equation 3.8) stores Q-functions in a Q-table, which becomes
infeasible with high dimensional problems, as a result DQN proposed utilising a neural network as
a function approximator. The neural network’s weights are updated through a Mean-Squared Error
(MSE) loss function of Equation 3.9. Furthermore, target networks are used to periodically update the
parameters of the online network at a set number of steps, thereby reducing oscillations and producing
a more stable loss. Finally, a replay buffer is utilised to improve sample efficiency. The pseudo-code is
shown in Algorithm 4.

L(0) = E[(R(s¢, ar) + ’chgi)fQ(StH, air1;07) — Q(s¢,a450))% (3.9)

Dueling Q-networks

When learning, certain actions may yield no rewards, even though they are beneficial. For instance,
when playing football, scoring a goal earns you a point; however, no points are gained for tackling the
opposition or providing an excellent cross into the box, although these actions are encouraged. To
encourage this type of behaviour in places where actions have less effect on the outcome, a duelling
network architecture was proposed [68]. In this network, the state value and action advantage are
separated into a value stream V' (s) showing the state value and an advantage stream A(s,a) giving
the advantage of the action. As a result, the Q-Network update rule is changed to Equation 3.10.

1
Q(s,a;0,04,0"1) = Vy(s:0,0%4) + | A(sy,ar;0,0%) — A > Alst, azg1;0,0™) (3.10)

at41

Double Q-learning

Standard DQNs tend to be biased towards over-optimistic value estimations because the same Q-
network both selects and evaluates the action. For instance, any random overestimation in Q-values
is likely to be chosen and reinforced, leading to a consistent positive bias in value estimations. As a
result, it was proposed to decouple the selection and evaluation stages through a Double Q-network,
which has been shown to give better estimates and performances in complex environments [69].

These two Q-networks use the update rule of Equation 3.11 where the leading network, parameters 6,
is updated each iteration for action a;; selection, while the target network, parameters 6~ evaluates
these actions. After a set interval, the target network is updated to lower the over-estimation bias.

Q(st,a:;0) < Q(s¢,a450) + o | R(s¢,a¢) +7Q(3t+17argr{?i}l{Q(Stﬁ-lvatﬁ-l;6)59_) —Q(s1,a450)| (3.11)
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Algorithm 4 Deep Q-Network (DQN) under an epsilon-greedy exploration strategy.

Input: Replay buffer capacity N, target network update frequency F, initial exploration rate ¢, number
of episodes M, batch size N, action space A, learning rate «, epsilon decay coefficient .
Initialize online network Q(-; 8) with random weights 6
Initialize target network Q(-; 6~ ) with weights 6~ + 6
Initialize replay buffer R with capacity N
for episode = 1,2,..., M do
Reset environment and observe initial state s

fort=0,1,...,T until terminal state do
Sample random probability p ~ 2£(0, 1)
if p < e then > Exploration
ay < random action from A > Sample from action space
else > Exploitation
a; + argmax, Q(s, a;0) > Greedy action
end if

Execute a,, observe reward r; and next state s; 1

Store transition (s, at, 7+, S¢41) IN R

Sample random batch (s;,a;,7;,s;41) of size N, from R
Compute target for each sample:

T if 5,41 is terminal
rj + ymax, Q(sﬁ_l, a;0~) otherwise

Compute loss: L(0) = 1= S0 (7 — Q(s5,a5:0))?

Update 6 via gradient descent: § < 0 — aV¢L(0)

if t%F = 0 then

Update target network: 6= < 0

end if

St 4 St+1 > Advance state
end for
Decay exploration rate: € < ¢ &

Y =

=

Figure 3.8: The top network is a standard Q-network, and the bottom network features a duelling architecture with two
separate streams: the value stream and the advantage stream. [68]
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3.3.2. Replay buffers

Off-policy methods have increased sample efficiency by allowing the reuse of experiences from previ-
ous transitions. For an environment like rocket landing, where the maneuverer can take minutes, this
leads to an episode with thousands of steps when discretised by a modest 0.1s time step. Allowing the
data to be reused provides the agent with a broader range of experiences to update from, as a result
of its exploration. The replay buffer stores the transition data so that it can be reused later.

The first instance of the replay buffer was the uniform replay buffer used to play Atari games [18],
here transitions are stored in a First-In-First-Out manner with all samples having equal probability of
being sampled to provide diverse training samples. The buffer stores the state, action, reward, and
next state for random batches of experiences to be sampled during training, breaking the correlations
of consecutive episodes.

Prioritised Experience Replay (PER) was then introduced to take actions with a better learning poten-
tial through sampling via their TD error [70]. TD measures the prediction and target networks’ Q-value
differences, as shown in Equation 3.12. The immediate reward is summed with the future rewards
(when active) and subtracted from the current Q-value estimate. A small constant is added to get the
priority, with ’¢’ being the transition; this computes the probability P (). The hyperparameter ., sets
the importance of sampling previous transitions with a higher reward probability. The weights w; are up-
dated through importance sampling, where the hyperparameter 5 determines the correction, balancing
faster learning and bias correction. The pseudo code for this buffer is shown in Chapter 2.

1) :‘R(Shat) + (1 — d) Sy {Pi§@(st+17at+1;9_) — Q(St,at;9)|

pi =(8; +1077) e

P(i) = Di
D=5 (3.12)
o ({Vf(z’))

P =
max; wj

Hindsight Experience Replay (HER) is a goal-oriented replay buffer where an episode is replayed
with a different goal the agent was trying to achieve. This replay buffer enhances learning efficiency for
environments with sparse or delayed rewards. HER takes the states from failed episodes as alternative
goals to generate valuable strategies for successful experiences. For example, suppose a robotic arm
places an object in a different position. In that case, HER can leverage this as a new goal, leveraging
failed trajectories to create additional data and improve sample efficiency [71]. The pseudocode is
shown in Algorithm 5.
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Algorithm 5 Hindsight Experience Replay (HER)

1: Input: replay buffer R, number of episodes M, hindsight count &, goal-sampling function
SampleHindsight Goal

2: for episode =1... M do

3 Initialise empty episode memory £ > re-initialise per episode
4 Sample initial state sq and goal g

5: for ¢t =0...T until termination do

6: Select action a; ~ 7(s¢, g)
7
8

Execute a;, observe s;11 and r; = R(sq, at, St41;9)
. Append (St, Aty Tt, 8t+17g) to &
9: St < St41
10: end for
1: forall (s,a,r,s',g) € £ do

12: Store (s,a,r,s',9) INR > actual transition
13: fori=1...kdo

14: g’ + SampleHindsightGoal(&)

15: " < R(s,a,s;9") > hindsight reward
16: Store (s,a,r’,s’,¢')in R > hindsight transition
17: end for

18: end for

19: end for=0

3.3.3. Exploration strategies

Exploration strategies balance the sensitive exploration and exploitation trade-off. Exploration is nec-
essary, especially in the early stages of learning a new part of the environment, to allow the agent to
uncover new experiences that maximise the Q-value. Meanwhile, exploitation is also needed to force
the agent to converge by taking the path with the maximum Q-value at that point.

Exploration strategies can be divided into two use cases: discrete spaces and continuous spaces. For
rocket landing, the state space (e.g., position, velocity, orientation) and the action space (e.g., thrust
levels, gimbal angles) are continuous; therefore, only these continuous strategies are considered.

Action noise-based exploration is an efficient way to encourage exploration in continuous space by
adding noise.

* Gaussian Noise: The exploration policy is created by adding random noise to the actor’s policy.
This is used in several actor-critic RL configurations, such as the Twin Delayed Deep Deterministic
Policy Gradient (TD3) algorithm, which is described in Equation 3.3.4.

» Omnstein-Uhlenbeck (OU) noise: is used to temporarily correlate noise. Lillicrap et al. utilised this
approach to enhance their exploration efficiency, demonstrating its effectiveness for "physical
control problems with inertia”[72].

» Adaptive Noise Scaling: can be combined with one of the methods above to balance exploration
and exploitation during training. Here, the noise is scaled automatically, like in SAC.
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Exploration in deterministic reinforcement learning methods, such as DDPG or TD3 (explained
later in Subsection 3.3.4), requires the injection of external noise into the policy’s action space
to discover new and previously unseen solutions. Two common types of noise processes are
Gaussian and OU noise.

Gaussian noise is temporally uncorrelated and drawn independently at each timestep from a
normal distribution. This noise is simple and suitable for environments where smoothness in action
evolution over time is not critical.

et ~ N(0,0?)

Ornstein—-Uhlenbeck noise introduces temporal correlation by modelling the stochasticity as a
mean-reverting process, meaning that the stochastic process tends to revert towards a long-term
mean. This mean-reverting process temporally smooths noise and is an idea applicable to physical
control tasks with momentum, such as rocket landing, where a sudden change in action can lead to
instability.. The correlation across timesteps simulates inertia, yielding more natural and consistent
exploration trajectories.

€11 = €&+ 0(u — &) At + VAN (0,1)
Gaussian noise is simpler to implement than OU noise, however OU noise encourages smoother

transitions in systems with momentum, like physical control tasks.
. J

Parameter Space Noise (PSN) was introduced to overcome the downfall of the action space noise of
inconsistent exploratory behaviours due to a fixed state always giving different actions [73], [74]. This
can lead to problems such as early truncation, where at certain points in the episode, the action is
sensitive to noise and requires precision. PSN adds noise through Equation 3.13 to perturb the policy
network parameters at the start of each episode and maintain them fixed afterwards; this results in
state-dependent actions, unlike Gaussian noise methods.

0=0+N(0,02-1) (3.13)

PSN has been shown to offer good exploration and avoidance of premature convergence on continu-
ous environments, providing significant benefits in environments with sparse rewards. Additionally, it
outperformed Evolutionary Strategies (ES) [75].

In environments where extrinsic rewards are scarce, intrinsic rewards can enable the agent to explore
more effectively; this can be achieved through an Intrinsic Curiosity Module (ICM) [76]. The ICM
encourages the agent to explore through intrinsic rewards provided by the agent’s own experience,
motivating them to explore when extrinsic rewards aren’t present.

An inverse model, which predicts the action a(s;, s;+1), is trained via Equation 3.14 to minimise the
loss between the actual and predicted actions. The forward model predicts the next state’s features
q@sm(qbst,at), through minimisation in state feature prediction via Equation 3.15. The intrinsic reward,
Equation 3.16, depends on the hyperparameter n;c;, acting as the scaling factor. The total resulting
reward is the sum of the extrinsic and intrinsic rewards.

El(dt,at;ﬁl) = —logP(at|st,st+1;91) (314)
N 1 ~
Lr(9(s0),0(s041:0)) = S [1(s111) = Bse41;67)1” (3.15)
S 1 N
RIS = nroa - §||¢(3t+1) — d(se1:07)[° (3.16)

An alternative to ICM is Random Network Distillation (RND), where they argued it is simpler and more
stable than ICM, through testing on Montezuma’s Revenge [77]. This method works well for sparse
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reward environments, allowing extrinsic and intrinsic rewards to be flexibly combined. Here, intrinsic
rewards are based on a prediction error from a trainable "prediction” network that approximates a fixed
and randomly initialised "target” network. The prediction network is trained to minimise the prediction
error through Equation 3.17. The intrinsic reward can be set equal to the prediction network loss. As
such, states explored less will incur a higher prediction error, and thus, the RND encourages them to
be explored. This process is visualised in Figure 3.9. In essence, RND measures the novelty of a state
by comparing the prediction error on a fixed random target network.

1 .
['predict = 5 : Hyi - yH2 = Tintrinsic (3-17)

Noisy networks incorporate parametric noise into the network weights to enhance exploration effi-
ciency via stochastic diversity of the agent’s policy [78]. Here, Stochastic Gradient Descent (SGD)
learns the noise scale, adapting it over time; for instance, less noise is present as the agent becomes
more confident, decreasing exploration. The authors also demonstrated its compatibility with any RL
architecture that employs SGD. Ultimately, they argued that noisy networks provide structured and

adaptive exploration.
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Figure 3.9: Flow diagram showing how RND works.

This section reviewed three types of action noise-based exploration, along with three additions to en-
hance the exploration of a neural network. Table 3.1 presents the strengths and weaknesses of each
method discussed.
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Table 3.1: Trade-offs between common exploration strategies in reinforcement learning.

Method

Strengths

Weaknesses

Best for

Gaussian Noise

OU Noise

Adaptive Noise

PSN

ICM

RND

Noisy Networks

Simple.

Best for systems with
inertia and momentum.

Automatically tunes noise
to balance the
exploration-exploitation
trade-off.

Consistent exploration.

Drives exploration in
sparse reward
environments.

Provides intrinsic rewards
and simpler than ICM.

Adaptive PSN to provide
scaled exploration.

Constant
state-independent noise
can destabilise learning
in environments with
momentum or for states
requiring fine-tuned
actions.

More complex than
Gaussian noise.

Extra complexity.

Can introduce high
variance with improperly
scaled noise.

Extra parameters require
learning.

Extra trainable network.

Increased learning
complexity and can

Simple benchmark RL
problems.

Continuous control
problem with inertia.

Environments where
optimal noise scale
changes over time.

Escaping local optimum.

Sparse or delayed
reward tasks.

Sparse or delayed
reward tasks.

State-dependent
exploration and for

introduce high variance. escaping local optimums.

3.3.4. Offpolicy Continuous Online Methods

As reasoned in Section 3.2, an online off-policy method that works with a continuous action and obser-
vation space was chosen. The actor-critic framework is commonly used to learn an optimal policy for
online and continuous domain problems. The actor learns the optimal policy by maximising the Q-value,
which maximises the expected cumulative return from taking a given action in a given state. The actor,
((s¢;0%), learns the action for each state to maximise expected return through Equation 3.19, the map-
ping of state to action can be learnt through a neural network acting as a function approximator. The
critic estimates the state-action value Q(s;, a;; #9); the expected reward for taking an action in a given
state, which the actor uses to update its policy. The critic is used instead of raw rewards to train the
actor because it reduces the variance of policy gradient updates by providing smoothed action-value
estimates.

The critic learns to minimise TD error. For example, Equation 3.18 illustrates the scenario for a critic,
where the TD error is the difference between the predicted state-action pair and the critic’s target net-
work.

1 . L .
Lo(6%) = N, D (R(shat) + 7 Q (st41,C (51113 0);09) — Q(st, af; 69))° (3.18)
=1
1
Le(0°) == Q(s,C(s1:6);69) (3.19)

The following subsections cover 5 of the main continuous online off-policy reinforcement learning algo-
rithms found in literature. SAC and Maximum a posteriori Policy Optimisation (MPO) learn a stochastic
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policy, while DDPG, Distributed Distributional Deterministic Policy Gradient (D4PG), and TD3 learn a
deterministic policy.

Deep Deterministic Policy Gradient method

DQNs work with a discrete action space; as such, with a continuous control problem, the continuous
outputs have to be discretised, leading to a massive action dimension, inhibiting learning. DDPG was
presented as a solution to this problem through an extension to the Deterministic Policy Gradient (DPG)
method ([72], [79]), allowing for a model-free off-policy online actor-critic algorithm with neural networks
utilised as deep function approximators to learn a policy and state-action value function in continuous
domains.

The actor provides deterministic actions with the critic approximating the resulting Q-value. Target
networks and experience replay are utilised, like in DQNSs, to stabilise training and improve sample
efficiency. OU noise is used for action noise-based exploration, as explained in Subsection 3.3.3 [67].

To summarise, DDPG is an actor-critic framework with extensions being:
1. Action-space-based OU noise used for exploration.
2. Areplay buffer R for off-policy learning, improving sample efficiency.
3. Target networks used to improve learning stability, through Polyak averaging Equation 3.20.

09 709 +(1—71)-09
0 7 -0+ (1—7)- 0%

In deep reinforcement learning tasks, target networks are often used to stabilise learning by slowly
changing the targets used for value estimation. Instead of directly copying the online network’s
weights, they are soft updated through Polyak averaging.

Let 6 denote the parameters of the online network and 0" the parameters of the corresponding
target network. The Polyak update rule is defined as:

(3.20)

0 —70+(1—7)0

Where 7 € (0,1) is the averaging coefficient, a larger coefficient tracks the target network faster
and can induce instability. Alternatively, a small coefficient gives stable but slower updates, which
can enhance robustness.

Polyak averaging ensures that the parameters of the target network move slowly towards those of
the online network, thereby reducing oscillations and divergence in value estimation and promoting
learning stability.
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Algorithm 6 Deep Deterministic Policy Gradient (DDPG)

1: Inputs: Critic learning rate o, batch size Ny, actor learning rate o, Polyak averaging coefficient
7, discount rate ~.

2: Initialize:

Actor network ¢(s; 6¢) with random weights §¢

Critic network Q(s, a; %) with random parameters 6%

Target actor ¢/(s;0¢") < ((s;6°)

Target critic Q'(s, a; 09') + Q(s, a; 09)

Replay buffer R

Ornstein-Uhlenbeck noise process OU

o NSO R

9: for episode =1,2,...,M do

10: Initialize environment, observe initial state sq

1: fort=0,1,...,T until terminal state do

12; Select action a; = ((s4;60%) + OU

13: Execute a;, observe reward r; and next state s; 1

14: Store transition (sy, as, ¢, s¢41,d) iIN R

15: Sample random minibatch (s;, a;, 7, $i+1,d;) from R

16: Compute target action a;+1 = {'(s;41; GC')

17: Compute target value y; = r; +v- (1 — d;) - Q' (Si+1, @it1; QQ')
18: Compute critic loss: L(609) = 5= >, (yi — Q(si, ai; 09))?
19: Update critic: % + 09 — agVye L(69)

20: Compute actor loss: L£(6¢) + — - 3=, Q(si, ((s:56%);69)
21: Update actor parameters: 6¢ < 0° — Ve £(6°)

22: Update target networks (Polyak averaging):

23: 09" 109 + (1 — 7)Y

24: 0 «— 76¢ + (1 — 7)6¢

25: St < St+1

26: end for

27: end for

Distributed Distributional Deterministic Policy Gradients
DDPG was extended to D4PG, which includes a distributional critic, a PER buffer and N-step returns
[80].

» Adistributed framework is used, where multiple actors asynchronously generate experiences and
populate a shared replay buffer, which is updated by a central learner to refine the policy.

A distributional critic is used, essentially instead of modelling a scalar Q(s, a; 0%) it predicts a
probability distribution Qz (s, a;#27) over all possible returns, this distribution modelling works
well for stochastic environments where differing Q values can come from different actions in the
same state. The critic now outputs a probability distribution, leading to the use of Kullback-Leibler
(KL) divergence instead of MSE as the loss function.

» N-steps are used to give the reward over a longer time horizon, which is beneficial for tasks
where there are long-term dependencies, such as in rocket landing. The N-step reward equation
is shown in Equation 3.21.

Nep\sode
yz = ( Z rym ' R(a/;n’ S:n)> + ’YNepiSOde ’ Q/Z (sﬁvepisode’ C/(S,?Vemsode; 9C )’ QQ ) (321)
m=0
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The KL divergence is a measure of how one probability distribution P diverges from a second,
reference distribution @. For continuous distributions with probability densities f,(z) and f,(x),
the KL divergence from Q to P is defined as:

DkL(P | Q) = /fp(a:) log % dx

The smaller the KL divergence, the more identical the distributions are.

L J
In traditional TD learning, the value estimate of a state is updated based on the immediate reward
and the estimated discounted value of the next state. Equation 3.22 is the equation for calculated

the 1-step return at time t (Ggl) ) using the immediate reward (R;.1) and the estimated value of
the next state (Q(st+1,a)).

GV =Ryp1 +7-Q(se41,0) (3.22)

N-step returns extend this concept to look ahead n steps through booststrapping the action-value
estimation. Equation 3.23 shows the generic formula for n-step rewards. N-step returns allows the
agent to learn from a longer sequence of rewards before bootstrapping, giving it more information
about long-term dependencies

G{™ = Rep1 +vResa + 72 Reys + -+ + 7" Regn +7"Q(5t1n, @) (3.23)

This formula changes when terminal states are within the trajectory length set for n-step returns
(n), also known as the n-step horizon. The returns should only include rewards up to the terminal
state, either a truncated or completed episode, with no bootstrapping or rewards after termination
if step ¢t + k is a terminal state, where k£ < n, the n-step return becomes Equation 3.24.

ng) =Rip1+YRipo + -+ 7 Rigs (3.24) )
\

Twin Delayed DDPG

Double Q-learning was incorporated into DDPG to reduce overestimation bias of the value function
through a pair of independent critics and double Q-learning [81]. Through this approach, DDPG is run
with two extensions:

1. Clipped Gaussian noise is used instead of OU for action space-based noise; clipped noise is
chosen to prevent sharp action value changes.

2. Through the use of double Q-learning (dual critics), the loss functions for the critic have the "target
critic changed” to the minimum between the networks, ensuring the most conservative estimate.
For the actor loss, only the primary Q-network is considered, ensuring it is based on a single
Q-value estimate, which reduces noise and learning instability.

Soft Actor-Critic

SAC as an actor-critic algorithm which maximises both expected rewards and the policy’s entropy,
encouraging exploration and thus leading to more robust policies [28]. TD3 uses Gaussian action
space noise, whereas SAC’s actor outputs a Gaussian distribution (s(s; 6, 6*,67), with the subscript
”S” denoting it as a stochastic actor. This actor outputs u(s¢; ) and o(s;; 0*), which are converted to a
noisy action through Equation 3.25. Compared to TD3, the main difference is that the noise distribution
is a learned parameter providing state-dependent exploration.

o(s;0M) = €879 G — u(s:00) + o(s;0") O, e~N(0,I), a=tanh(a) (3.25)
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Figure 3.10: Diagram showing the differences in actor networks, for deterministic and stochastic.

SAC has an additional entropy term to control the state-dependent exploration. Temperature v updates
to encourage an entropy to meet the target entropy, controlling the degree of randomness and tradi-
tionally set as Hiarget :== — dim(a;). Equation 3.26 temperature is updated to encourage the negative
Gaussian likelihood equal to the target entropy.

Ny

1 .
Liog(v) = N > —log(v) - (log P(af|p,0%) + Htarget) (3.26)

i=1

The Gaussian likelihood is the probability density function of a normal distribution evaluated at a
given point. For a random variable = € R¢, with mean p € R? and standard deviation o € R¢, the
log-likelihood is given by:

N2
logp(x | ,u,70'2) = —— |:(xo-2/1’) + 210g0’ —+ log(27r)]

The Gaussian likelihood shows how likely a point z is under the . and 0. The first term is called the
quadratic term and penalises deviations from the mean scaled by the variance. The second term
called the normalisation term accounts for the distribution spread, and the final term is a constant
ensuring proper normalisation.

A lower negative log probability, Gaussian likelihood, indicates the sample is more likely under the
distribution. In contrast, a high negative log probability indicates a less likely sample under the
distribution.

J

The actor has two terms in its loss function: first, an entropy regularisation term, where the log proba-
bility provides a metric for the likelihood of the actor, weighted by the temperature. The second term
extracts the minimum of two Q-network (critic) outputs, similar to double Q-learning, to reduce over-
estimation bias; this term encourages the policy to select the actions for that state with the highest
expected returns.

Ny

Les =, > (V log p(at|u, o) — min Q(s}, ai; 0° )> (3.27)

=1

The TD error is computed to represent the mean-squared Bellman error for each critic, which is trained
to minimise the square difference between its predicted Q-value and the shared TD target, through the
loss function of Equation 3.29.
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Qtarget =R, +~- (1 _ d) . ( IBinz{Q/(S/’ a’s 9Q')} —v- logp(a/m/’ (g/)z))

1 (3.28)
=5 <(Qtarget - Q1)2 + (Qtarget - Q2)2>
1 &
Lo= 7 Zéi (3.29)

SAC has been used to perform many tasks, including in a distributed learning form to perform control
and navigation tasks [82]. Additionally, SAC with a distributed framework utilising a shared replay
buffer with a multivariate reward representation containing sub-rewards for transfer learning, has learnt
a policy for a humanoid walking through curriculum learning [83].

Maximum a posteriori Policy Optimisation

Trust Region Policy Optimisation (TRPO) is an iterative procedure for policy optimisation suitable for the
large and non-linear policies of neural networks [26]. Here, a trust region controls the update between
policies through KL divergence. PPO was presented as a first-order approximation of the second-order
optimisation TRPO [27]. The introductory paper stated that PPO was simpler, more generic, and had
better sample efficiency than TRPO, while consistently outperformed other on-policy online methods,
such as Advantage Actor-Critic (A2C).

PPO is a stochastic actor-critic framework which prevents large updates causing instability through
constraints on the deviation of the policy through its KL divergence. PPO was first employed without a
value functlon where the advantage estimate A, is equal to the Monte Carlo return 4, = Gy(s;, a;) =

> re o Ritr(st,ar). From here, a clipped surrogate objective is used to update the policy, as shown
through the second equation in Equation 3.30. Note that the other objectives, including a KL divergence-
based penalty, were used and showed decreased performance.

No clipping or penalty: £(0) = r.(0) - Ay(s, ar)

Clipped: £(#) = min {rt(ﬁ) . At(st, az), clip(r:(0),1 —e,1+¢) - At(st,at)}

! - (3.30)
KL penalty:  £(8) = 7:(6) - Au(siar) = 570 - DC (130 ) || C(s1;6°))
Importance sampling ratio: - r:(6) = W

The actor-critic PPO was introduced to improve sample efficiency through value function estimation,
stabilising the advantage function estimate as shown in Equation 3.31. Here, the critic is trained to
minimise the value loss through of M SE[Gy, V;].

Gi(s¢,ar) =kZ:07"' - Rytr (e, at) 331)

Ay (51, a0) =Gi(se,ar) — V(St;ev)
MPO is as an off-policy version of PPO, with better sample efficiency [84]. The creators boast it is

robust, insensitive to hyperparameter changes, and a scalable of an on-policy algorithm while having
off-policy sample efficiency due to its utilisation of a replay buffer. MPO decouples PPO into two steps:

1. Optimisation of a non-parametric target policy.

» The intermediate policy with a probabilistic representation of the value function.

« The temperature v controls the steepness of distribution, in essence controlling the exploration-
exploitation trade-off.
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+ It doesn’t rely on a neural network and is computed for the value function, acting like a "soft
target” or a reference policy.

2. Parametric policy updating for target approximation.

» The actual policy which the agent uses to interact with the environment, parametrised through
a neural network.

+ Updates through minimisation of the KL divergence with its non-parametric policy.

The target policy is updated through Equation 3.32 called the E-Step (expectation step). Note that the
actor is stochastic, like SAC.

rof(5¢) ¢ exp <Q(f7’ a)) (3.32)

The parametric policy is updated through minimisation of the KL divergence of the target and parametric
network, as shown in Equation 3.30, incorporating KL divergence constraint to stay within the trust
region.

The temperature parameter is updated through dual optimisation of Equation 3.33, where ¢” controls
the variance of the weights for regularisation. Sequential Least Squares Programming (SLSQP) has
been used to minimise the dual function concerning v [85], with a softmax function used to normalise
the new weights, as shown in Equation 3.34.

9(77):77'””+)"]E5~R

Ny S,Q;; Q
log (Z\lib Zexp <M>>] (3.33)

Q(s,ai)
€ o
i 2 ) (3.34)

’ Q(s,a;)
Zj exp( e )

The actor updates through the log-likelihood of the target and current policies, as is a multi-variate Gaus-
sian distribution. Secondly, it has two Lagrangian multipliers A* and \? to maintain the constraints on
the KL divergence between the target and current policy’s Gaussian distributions. Pre-defined thresh-
olds M* and M? define the trust region. This process is shown in Equation 3.35.

L7 =2 (M7 = Dx(C (56:07) || C(51:07)))
L8 =N (MY = D (¢ (5650%) || C(5601)))

Ny
- 1
L(,unconstramed — _N 2 : (log P(ai | ,U—(St;oﬂ),O'(St;HU)) (335)
b=

+log Pla | u(si:0"),0™ (107 ).

The authors tested it on control tasks Walker-2D, Acrobat, and Hopper; it was shown to outperform
DDPG and PPO in an extensive ablation study. However, there is limited evidence to suggest whether
it can outperform more advanced DDPG algorithms, such as D4PG, SAC, or TD3.

The original paper implementation ran the MPO algorithm in a distributed form, with a single learner
but multiple learners (agents) collecting data independently, with a chief collecting the gradients and
performing a parameter update through averaging gradients. In other words, distributed synchronous
SGD. MPO can be used in a distributed framework (DMPO) under Google’s Acme framework, allowing
the user to configure it as desired [86].
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3.3.5. Learning stability improvements

Normalisation techniques have been investigated as a form of regularisation [87]. First, it was showed
how input normalisation benefits most RL environments. For an environment like rocket landing, where
altitude can vary tens of thousands of meters and pitch angle to a few degrees, input normalisation is
required. As the critic takes in both action and observation, both need to be normalised. To bound the
states, they can be normalised between -1 and 1 through selected normalisation functions per state.
In this section, several types of normalisation shall be presented.

tanh normalisation: smooths saturation of large values to squish outliers between (—1,1). The k
factor can be selected to give the maximum expected value equal to an output of say 0.8, such that
there is room for outliers beyond that.

2’ = tanh(k - x) (3.36)

Min-max normalisation: is a simple linear scaling, which is interpretable, but is sensitive to outliers.

N min(zx) (3.37)
min(z) — max(x) '
Shifted normalisation: zero centres the data but does not reduce it to within a range.
2 =z — u(x) (3.38)

Exponential scaling: amplifies large value while suppresses small values to increase contrast. This
can be useful for some scenarios where reward shaping wants large values to be emphasised.

o = ek (3.39)

Logarithmic scaling: is used to compress large values and expand small ones to reduce the dynamic
range. It is helpful to stabilise large-magnitude inputs, providing an alternative to tanh and clipping.
Also, it can be bounded between 0 and 1 through its denominator.

;L log(1 + )

v log(1 + max(x)) (3.40)

Andrychowicz et al. reviewed gradient clipping for RL and note it as secondary importance to value
function normalisation [87]. However, they showed it can benefit learning stability. Here, the magnitude
of the gradients of backpropagation is bounded to provide a safety net against exploding gradients,
which are needed in high-variance environments, such as those that can occur with the use of N-step
rewards.
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Gradient clipping regularises training through the prevention of gradient explosion to stabilise it by
bounding the update step. The global L2 norm of all gradients across the network is computed:

lgll = /Zi: Zj:g?j

If this norm exceeds a user-defined threshold 7, all gradients are scaled uniformly by a factor:

scale = min (1, ;>
llgll + &

Where ¢ is a small constant added for numerical stability. Each parameter’s gradient g; is then
rescaled:

g; < g; - scale
\. J

Additionally, regularisation is a technique used in machine learning to reduce a network’s overfitting
and encourage its ability to generalise. This can reduce the risk of the critic overfitting to large outlying
TD errors, improving its generalisation capabilities. L2 regularisation, also known as weight decay, is
a popular regularisation technique that discourages large weights [88].

L2 regularisation improves the generalisation of neural networks by penalising large weight mag-
nitudes, through a quadratic penalty term added to the loss function, modifying the loss to:

»Ctotal = »Coriginal + )‘||0||2

Where ) is an L2 regularisation coefficient hyperparameter that controls the strength of the regular-
isation. This penalty encourages the optimiser to find solutions with small weights, which become

less sensitive to noise and decrease the likelihood of overfitting.
\. J

3.4. Launch vehicle model

To learn a policy for powered descent, an environment is needed in the form of a launch vehicle model.
This study aims to provide a benchmark for determining the feasibility of learning a policy to perform
powered descent. Since no proprietary model is available, a new model is constructed based on
physics and existing literature. First, Starship is reviewed as a representative reusable launch vehicle
in Subsection 3.4.1, and an optimal staging procedure for reusable launch vehicles in Subsection 3.4.2.
Aerodynamic dynamic coefficients for a representative body and grid fins are presented in Subsec-
tion 3.4.3 and Subsection 3.4.4. Finally, atmosphere and gravity models for Earth are provided in
Subsection 3.4.5.

3.4.1. Starship case study

To ensure the launch vehicle’s first stage can land, it must be sized to be feasible. Currently, there are
only a handful of proven launch vehicles with the ability to take off and land vertically; these are from
SpaceX and Blue Origin. To determine reasonable parameters for a reusable launch vehicle, Starship
was reviewed. This is a two-stage launcher with the first stage called the Super Heavy Booster and a
second stage called its namesake, Starship. The mass of each stage is shown in Table 3.2'°, with its
structural coefficients calculated through Equation 3.41. This launcher is capable of carrying 100-150
tonnes to LEO orbit and 27 tonnes to GEO orbit [89].

e= T (3.41)

ms + My

https://wuw.spacex.com/vehicles/starship/. Accessed: 23/06/2025.
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Table 3.2: Mass and performance parameters of Super Heavy and Starship

Super Heavy booster Starship
Total mass [t] 3,675 1,600 (excluding payload)
Propellant mass [t] 3,400 1,500
Structural mass [t] 275 100
Structural coefficient [-] 0.0748 0.0625

In terms of propellant, both stages use a fuel oxidiser mixture of liquid oxygen (LO X) and liquid methane
(LC H,) called methalox. The 2nd stage carries 1170 kg of LOX and 330 kg of LC Hy4, giving an oxidiser-
fuel ratio of 3.545; this is assumed to be the same for the first stage, as the same engines, Raptor 3,
are used.

The Raptor 3 engines are top-of-the-range full-flow cycle engines, with two varieties. One is optimised
for sea-level performance, which is used on the first stage. The second is optimised for vacuum perfor-
mance, with the second stage taking three of these for ascent and three sea-level optimised engines for
descent. From the specific impulse- a measure of rocket efficiency that indicates the thrust produced
per unit flow of propellant- the exhaust velocities are calculated using Equation 3.42. As the engines
are optimised for sea-level and vacuum, the nozzle exit pressures are assumed to be close to the pres-
sure in those regimes to minimise the pressure losses, Equation 3.43. The parameters of the Raptor
3 engine variants are displayed in Table 3.3"".

Vex = Isp * 9o (342)

AT, = (pe — pa) - Ae (3.43)

Table 3.3: Parameters of the Raptor 3 engines

Sea-level Raptor 3 Vacuum Raptor 3

Specific impulse [s] 350 380
Exit diameter [m] 1.3 1.3

Exit area [m?] 1.327 2.3
Thrust [M N] 2.745 2
Engine mass (integrated) [kg] 1525 (1720) 1525 (1720)
Exhaust velocities [m/s] 3433.5 3727.8
Exit pressure estimate [k Pa] 101 0
Engine Height [m] 3.1 4.6

The thrust-to-weight ratio (TW R) is a crucial parameter that affects how much acceleration the rocket
can produce, especially during takeoff. The engines produce thrust, resulting in the T R determining
the number of engines on the launch vehicle. The TW R is calculated using Equation 3.44 to determine
the stage’s TW R as shown in Table 3.4.

TWR= 1 (3.44)
m; - go

3.4.2. Optimal staging of a reusable rocket

The method of Jo and Ahn is presented to follow the sizing of a two-stage rocket with a reusable first
stage and an expendable second stage [17]. Jo and Ahn’s method optimally stages a launch vehicle
with expendable and reusable stages, taking into account the velocity increment (Av) losses in descent

"https://www.spacex.com/vehicles/starship/. Accessed 23/06/2025.
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Table 3.4: Starship’s stage’s thrust-to-weight ratios.

Super Heavy booster Starship

Number of engines [-] 33 6
Stage Thrust-to-Weight ratio [-] 2.51 0.7645

and ascent, as well as the loss-free velocity increment for descent. Here, their method will be detailed
to size a rocket with an expendable second stage and a reusabile first stage.

First, the total descent velocity increment is found through Equation 3.45.

Avg1 = Avgy + Avgoss (3.45)

The optimal staging procedure, similar to the method for expendable rockets, sets a parameter (here
k) in a modified formulation of the general Tsiolkovsky equation of Equation 3.47. When this equation
is solved for k, the payload ratio is minimised, in turn minimising the take-off mass.

The optimal staging procedure is similar to that of an expendable launch vehicle. It started by introduc-
ing a Lagrange multiplier  to perform constrained optimisation of the Tsiolkovsky rocket equation. This
yielded Equation 3.47, which, when solved, produced x to maximise the payload ratio; the fraction of
the launch vehicle’s take-off mass that consists of payload. To do this, the velocity increment required
was set from the orbital velocity at the defined semi-major axis, as shown in Equation 3.46.

To ensure the feasibility of the Lagrange multiplier «, the following constraints were added to ensure
physical and mathematical validity:

+ Exhaust velocity bound: ensured x avoids singularities in the logarithmic expression.

0<k< min(vem’,lvvex,Q)

» Logarithm argument positivity: guaranteed that the logarithm’s values are strictly positive to
prevent undefined values.

Veg i — K
2= >0 = K< Ve
Vex,i * €i
4=y +7TE
m (3.46)
AU'req =17/ —
a
Vex,1 — K Vex,2 — K
AVpeq = Veg,1 - In(—2——) + Veg,2 - In(—=——) — Avg 1 (3.47)
Vex,1 * €1 Vex,2 * €2

From the Lagrange multiplier, x, the optimal payload ratios were computed. Starting with the expend-
able second stage, Equation 3.48 provides the optimal payload ratio, which is used to determine the
optimal loss-free velocity increment for the second stage through Tsiolkovsky’s rocket equation, as
shown in Equation 3.49.

* R €2
Ay = (T pr—— (3.48)
1+ A3
Avs = -1 2 4
V5 = Veg,2 - In( oy )\3) (3.49)

One of the benefits of following Jo and Ahn’s work is how the launch vehicle was sized considering
velocity losses, which are not insignificant. Velocity losses can result from thruster pressure losses,
gravity, steering, and drag, significantly affecting the launch vehicle’s achievable velocity increment.
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To determine the size, the optimal loss-free velocity increment of Equation 3.49 was combined with
the velocity losses of the second stage to yield the total velocity increment of the stage, as shown in
Equation 3.50. The optimal payload ratio, considering losses, was then updated through a modified
Tsiolkovsky equation to yield Equation 3.51.

Avy = Avl + Avjoss 2 (3.50)
Avy
«  €g-evemz —1]
1 —ever2

The masses of the second stage were then calculated using Equation 3.52, based on the defined
structural coefficient of the second stage and the calculated optimal payload ratio, considering losses.

Mo :%  Mpay (3.52a)
2
1—¢
My == Mpay (3.52b)
2
mo2 =Ms 2 + My 2 (3.52¢)

The expendable second stage has been sized, allowing for the reusable first stage to be sized by a
similar but slightly different procedure. The structural coefficient of the first stage was the product of
its descent and ascent structural coefficients. Rearranging Equation 30 of [17] to Equation 3.53, gave
the loss-free descent structural coefficient, used in Equation 3.54 to find the loss-free ascent structural
coefficient.

Aoy \ —1
€41 = <e ) (3.53)
a1 = 2 (3.54)
€d,1

Following this, the optimal loss-free payload ratio was computed by Equation 3.56.

a1 = 2 (3.55)
€d,1
A= R Cal (3.56)

(1 - 6(1,1) : vem,l — KR

Next, this optimal loss-free payload ratio was transformed into an optimal payload ratio that considers
losses. This procedure started by calculating the total ascent velocity increment, as calculated in Equa-
tion 3.57. Then the descent velocity increment of Equation 3.45 was used to find the descent structural
coefficient considering losses in Equation 3.58, which was used to calculate the ascent structural co-
efficient considering losses in Equation 3.59. Finally, the optimal payload ratio considering losses was
provided in Equation 3.60.

Ava’l = Av;,l + Ava,l,loss (357)

Avg g

efm =e Ves (3.58)
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ey = - (3.59)
d,1
Avg 1
l
«  €gprelent —1
A= (3.60)
1 — e Vex,1

The payload ratios and structural coefficients known allow for the mass components of the first stage to
be computed. The payload carried by the first stage mZ1 was calculated in Equation 3.61, then used
to find the stages structural and propellant mass during ascent in Equation 3.62 and Equation 3.63
respectively. Here, the ascent structural mass was both the vehicle’s actual structural mass and the
propellant reserved for landing. Knowing this, the final mass components of the stage were found using
the subequations of Equation 3.64

. 1
mp, = ()\z + 1) " Mpay (3.61)
2
" ey
Msa1 = 3w ML (3.62)
1
* (1 B 651,1) *
Mpa1 = —F ML (3.63)
1
myy =ml o, (3.64a)
M g1 =My €, (3.64b)
mb g1 =miy —mh g (3.64c)
mly =ml 4, (3.64d)
mb o =mb g1 Ml (3.64¢)

3.4.3. Aerodynamics

The aerodynamics of the launch vehicle are essential to its behaviour, as they exert both forces and
moments on the body. The chosen method is to use lift and drag coefficients, which vary with Mach
number and angle of attack. As experimental data on SpaceX'’s or Blue Origin’s launch vehicles is con-
fidential, the legacy data of Wernher von Braun’s V2 rocket from World War Il can provide a benchmark
for preliminary modelling. However, this is significantly different from modern launch vehicles. This
section discusses the trends observed in the V2 aerodynamic coefficient curves, shown in Figure 3.12,
and relates them to the governing flow physics across subsonic, transonic, and supersonic conditions.

Figure 3.11: V2 rocket on Meillerwagen. Source:
https://timelessmoon.getarchive.net/media/v-2-rocket-on-meillerwagen-9effc8 (Accessed: 22 May 2025).
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During the subsonic regime, under Mach 0.8, the drag is independent of the Mach number as compress-
ibility effects are minimal. The lift coefficient initially increased with Mach number before decreasing,

with the magnitude of the change observed being greater at higher angles of attack, as the circulation
around the rocket increased.

For the transonic regime, between Mach 0.8 and 1.2, shock waves begin to form and propagate over
the rocket’s surface, causing drag divergence. Resulting in a rapid rise in drag approaching maximum
drag and lift at 1.2. Strong shock and boundary layer interactions caused unsteady flow, leading to an
increase in the coefficient.
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Figure 3.12: V2 rocket lift and drag coefficient curves [52].

The centre of pressure (CoP) is the point on the launch vehicle’s body where the resultant aerodynamic
force acts, in our case, the lift and drag forces. Reference [90] states that a launch vehicle has aerody-
namic stability if its centre of pressure (CoP) is behind its centre of gravity (CoG). A launch vehicle may
deviate, for instance, due to wind gusts, causing an increased angle of attack. A stable launch vehicle
will correct for this by forcing it back to zero over time. As a result, the centre of pressure of the launch
vehicle must be positioned so that it remains aerodynamically stable during both ascent and descent.

The lift and drag coefficients of Figure 3.12 can be converted to forces, lift and drag, through Equa-



3.4. Launch vehicle model 69

tion 3.65 [91]. Where the area S is the cross-sectional area of the launch vehicle, so S = 7 - r2, and
the dynamic pressure is g = % p- V2

1
L=§~p-V2-CL~S

D=%~p-V2-CD-S

(3.65)

For the ascent phase, the centre of pressure is behind the centre of gravity, which gives the freebody
diagram Figure 3.13, with angle of attack «, the difference between the pitch and the flight path angle.
Here, two frames were present:

» (2”,y"): The body frame originating from the centre of gravity, with ¢’ passing through the nose,
and z”” perpendicular.

* (2’,y'): The Local Vertical-Local Horizontal (LVLH) frame, where z’ pointing East (right) , and ¢/’
the up.

From the freebody diagram, the equations of motion can be derived, Equation 3.66.

F.»=—L-cos(a) — D -sin(a)
Fyr =L -sin(a) — D - cos(a) (3.66)
M, =(d¢g — d¢p) - (=L - cos(ar) — D - sin(av))

The centre of pressure location can be checked to determine its stable position in relation to the centre
of gravity. When an angle of attack is formed, a negative aerodynamic moment is desired to correct
the angle of attack. Equation 3.67 derives the moment derivative with respect to angle of attack, before
applying the small angle approximation. With a small o then L-«a << D, and with the rest of the factors
positive, the moment is restored.

dM,
do

(dep — deg) - (L -sin(a) — D - cos(a) — Cp,q- S - cos(a) — Cp,, - q- Ssin(e)) (3.67)

=(dep —deg) - (L-a—D—-Cpr,-q-S—Cp,-q-5S-a)

The descent reference from Figure 3.13 was used to derive the body frame forces from the aerody-
namics in Equation 3.69. The effective angle of attack denotes the descent angle of attack, which was
found using Equation 3.68.

aeff:'y—(9+7r) (3.68)
Fyr =—D -sin(aefs) — L - cos(aesy)
Fyr =D - cos(aeyfs) — L - sin(aerys) (3.69)

M, =(deg — dep) - (=D - sin(aeyy) — L - cos(aeyy))

With the centre of pressure now moved to the top of the rocket, the aerodynamic stability can be checked
in Equation 3.70. For aerodynamic stability, a positive restoring moment is required to minimise the
angle of a. Equation 3.70 derives the moment derivative with respect to effective angle of attack before
the small angle approximation is applied. A small angle of will make L - a.ry << D so the applied
moment is positive, as the rest of the terms are positive.

=(dep — deg) - (C’D%ff -q- S -sin(aesr) +Cr ~q-S-cos(aesr)+ D -cos(esp) — L -sin(aeyys))

=(dep —dep) - (Cp

Yeff

'(]'S+D*L~Oéeff)

daeff

'q'S'agferCL

Qeff Ceff

(3.70)
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Finally, the translation from the body to the LVLH frame is performed through Equation 3.71.

Fy :Fy// . COS(Q) + Fpn - Sin(9)

3.71
Fy' :Fy// . SIH(G) - F:L'” : COS(Q) ( )

(a) Ascent. (b) Descent.

Figure 3.13: Aerodynamic Reference frames

3.4.4. Aerodynamic control surfaces

The aerodynamic control surfaces present on the first stage during descent were chosen to be grid fins,
as shown in Subsection 3.1.1. Grid fins provide horizontal and angular control, while also giving some
drag to slow down the rocket. Washington et al. performed experiments on grid fins and generated
curves for their drag and normal force coefficients [92]. The curves represent a validated example of
the change in aerodynamic coefficients with respect to angle of attack and Mach number, providing a
representative representation of their dynamics suitable for a benchmark study.

At low angles of attack, the drag coefficient approximates the axial force coefficient for grid fins, as
normal forces contribute minimally here. Figure 3.14a compares the drag coefficient for two grid fins
and a planar fin; SpaceX’s grids have a relatively dense lattice, resulting in the upper curve being the
most representative. Furthermore, Figure 3.14b is a curve for the change in the normal force coefficient
with local angle of attack. A derivation from these coefficients to forces and moments is provided in
Section A.2.
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Figure 3.14: Side-by-side comparison of drag coefficient and normal-force gradient for a grid fin

3.4.5. Atmosphere and gravity models

Atmosphere dynamics influence the trajectory of the rocket, and as such, the control system design.
For atmospheric models, the International Standard Atmosphere (ISA)'?> model is a commonly applied
model in aerospace [93] to find the air density, atmospheric pressure and speed of sound as a function
of altitude.

Gravitational acceleration varies as the launch vehicle moves from the Earth’s surface; the inverse
square law models this effect [94]. This is shown in Equation 3.72. A spherically symmetric and non-
rotating Earth with uniform density, negligible oblateness and rotational centrifugal forces is assumed in
this formulation. For precision, spherical harmonics, such as the J2 effect, can account for the Earth’s
equatorial bulge [94].

2
,
=g - ¢ 3.72
9= 9o <T€+y) (3.72)

3.5. Evolutionary algorithms for policy learning

EAs are population-based, gradient-free, black-box optimisation methods inspired by nature, evolution,
and/or collective swarming intelligence [38]. These algorithms can solve problems across multiple
domains, with the ability to scale to complex and non-linear optimisation problems, and manage a
discontinuous and non-differentiable reward function. The managed stochastic nature of EA enables
efficient exploration of a bounded parameter search space and avoids premature convergence with
a sufficiently large population. This makes EA an attractive approach for performing neuroevolution,
which involves tuning a neural network’s parameters through EA, particularly in cases where a complex,
non-linear reward (or objective) function is present. Through the non-gradient-based update procedure
of ES, they can avoid local optima, a limitation typically constraining RL algorithms.

This section begins by reviewing two foundational papers that analyse and evaluate neuroevolution as
an alternative to reinforcement learning in Subsection 3.5.1. Following this two selected EAs of genetic
algorithms and particle swarm optimisation are presented with their extensions in Subsection 3.5.2 and
Subsection 3.5.3. Finally, a trade-off between the algorithms is provided in Subsection 3.5.4.

3.5.1. Evolutionary algorithms as an alternative for reinforcement learning
Evolutionary algorithms perform stochastic population-based black box optimisation through having a
group of candidate solutions (population) which are changed over each iteration (generation) through

"2https://wuw.engineeringtoolbox.com/international-standard-atmosphere-d_985.html. Accessed: 23/06/2025.
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operators (perturbations) inspired by nature, before their fitness is evaluated through an objective func-
tion, like RL's reward functions. Perturbations and information sharing encourage exploration of a
bounded search space, particularly effective in non-convex and discontinuous optimisation problems
[38],

OpenAl’'s landmark paper analysed Evolutionary Strategies (ES) as an alternative to reinforcement
learning [20]. OpenAl’s team used CMA-ES, as they said it was the most widely known. Compared to
the Asynchronous Advantage Actor-Critic (A3C) RL algorithm, it performed better on 23 games while
worse on 28, and showed better exploration than TRPO for MuJoCo’s humanoid environment [40].
Salimans concluded that ES have benefits over RL, such as:

+ Easily parallelise across CPUs, where candidates can be run across different nodes.

 Black box optimisation is not affected by the reward distribution, whereas RL can be slow in
sparse reward environments.

» Works well with problems with long time horizons.

» RL can struggle from non-informative gradients of the policy’s performance, which can come from
a non-smooth reward or policy. As a result, value function variance can be large and thus difficult
to learn. As ES don’t use a value function approximator, this problem doesn’t inhibit its abilities.

However, they noted that on "hard RL problems, it is often less effective than Q-learning. In summary,
in context of rewards a problem with a long-time horizon, a non-smooth and/or sparse reward function
can benefit from implementation of a EA as an alternative to RL.

A GA has been used to optimise a deep neural network’s parameters and tested on RL benchmark
environments of the Atari games [41]. It has been demonstrated that GAs can competitively compete
with traditional RL methods for training neural networks. The authors noted in their discussion that, in
specific scenarios, it may be worse to follow a gradient update than to perform local sampling of the
parameter space to find a new solution. Still, they emphasised that this does not hold in all domains.
Finally, a theory was presented for this: GAs can escape local minima, which simple gradient methods
cannot.

3.5.2. Genetic Algorithm

A genetic algorithm initialises a population of candidate solutions (genes) with each parameter (chro-
mosome) randomly initialised within its search space bounds [37]. In terms of a neural network, each
gene is related to a specific weight or bias of one of its linear layers. The gene is initialised in the model,
and the simulation is run. An objective function then evaluates the performance of the gene across the
entire simulation. The resulting fitness aims to be maximised. Following this, parent gene combina-
tions are selected, typically from a higher fitness, thus the most promising solutions. The parents share
genetic information through crossover, exchanging portions of their genes to produce offsprings to pro-
mote diversity and exploration. Following the theory of natural evolution, a small part of the population
has genes randomly mutated by a small amount of noise to unlock new solutions. Finally, if elitism is
used, the best solutions are passed onto the next iteration (generation).

To promote diversity and discourage premature convergence to a local optimum, several solutions
have been researched. One is the Island Genetic Algorithm (IGA), where the population is split into
groups (islands) and runs independently. Periodic migration is performed between islands to provide
new candidate solutions. This method has been motivated by its ability to preserve genetic diversity,
as each island can follow a different search trajectory, thereby preventing premature convergence [95].

The Non-dominated Sorting Genetic Algorithm - Il (NSGA-II) is an EA focused on multi-objective optimi-
sation [96]. For example, making something as light as possible while making it as strong as possible.
Instead of combining goals into a single fitness, NSGA-II looks for parameters that offer solutions to bal-
ance the trade-off between the goals. A good population of candidate solutions is maintained through
comparison of how well they perform across all goals, and it prefers those that differ from other solutions
to maintain a diverse population. Elitism is also used to balance performance and diversity.

NSGA-II sorts the population into layers based on Pareto dominance; a solution is said to dominate
another when it is better in one objective and at least as good in the rest. The resulting best solutions
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Algorithm 7 Genetic Algorithm (GA) with Elitism

1: Input: Population size N, crossover probability p., mutation probability p,,, maximum generations
G, elitism count &

2: Initialize population P, with N individuals (randomly generated)
3: Evaluate fitness of each individual in P,
4: for generation =0to G — 1 do
5 Sort Pyeneration DY fitness (descending order)
6: Elitism: Pjcnerationt+1 < top k individuals from Pyeperation
7 while |Pyeperationt+1] < N do
8: Select parents pq, pa from Pyeperation USiNg tournament selection
o: Generate random r ~ U(0, 1)
10: if » < p. then
1: Crossover: ¢y, ¢y +— crossover(py, p2)
12: else
13: Clone parents: ¢y < p1, ¢o < po
14: end if
15: Mutation: ¢; < mutate(cy, p,)
16: Mutation: co «+ mutate(cs, py,)
17: Add ¢; and ¢, to Pqeneration+l
18: end while
19: Evaluate fitness of new individuals in Pyeneration+1
20: end for

form the Pareto front, the trade-off boundary when no objective can be improved without worsening
another. For diversity maintenance, crowding distance is used, measuring the difference between
neighbouring solutions, keeping solutions in less-crowded areas to maintain diversity.

3.5.3. Particle swarm optimisation

Particle Swarm Optimisation (PSO) mimics the social behaviour of birds in a form of swarming intelli-
gence [43]. A swarm of particles is randomly initialised within the search space bounds. Each particle
is initialised within a separate but identical model, and its simulation is run, with an objective function
evaluating the particle’s performance to provide a fitness. Each particle stores its best fithess and posi-
tion (the best solution), which is updated if the fithess improves. Also, a global best position and fitness
are stored. These positions and fitness updates each particle’s position (x) and velocity (v) through
Equation 3.73, containing three weighted components:

* Inertia term: encouraging particles to search and explore by changing the position of the par-
ticle from its velocity. The inertia weight w; is decayed over time to decrease exploration per
generation.

» Cognitive term: pulls the particle back to its (local) best position (x*) for exploitation, weighted by
the cognitive coefficient ¢; and a random vector &; .

+ Social term: pulls the particle towards the global best position (x}), weighted by the social coeffi-
cient c; and a random vector &s.

vi < wv; +c1 €0 (X —x4) + ey o (xE—x)

inertia cognitive social (373)

X; < X; + v;
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Algorithm 8 Particle Swarm Optimisation (PSO)

1: Input:Generations G, population size N, inertia bounds wy;y,, wmax, bounded domain projection
operator I1y.

2: Initialise particles with random positions x; and velocities v; =0

3: Set w + wpax

4: Initialise global best fitness f* +— —oo, position x* +— None

5. for each particle i do

6

7

8

; Set personal best f < —oo, x} < None
: end for

: for gin G do
9 foriin N do
10: Evaluate fitness f; «+ f(x;)
11: if £, > f7 then
12: X 4 X
13: [ fi
14: end if
15: if f; > f* then
16: X* — X;
17: < fi
18: end if

19: end for
20: for:in N do

21 Sample &;,&, ~ U(0,1)4

22: Update velocity: v; <~ w-v; +c¢1 - & o (Xf —x;) + c2- €50 (X* — x;)
23: Update position: x; + x; + v;

24: Project x; to domain: x; + M (x;)

25: end for

26: Update inertia: w < wpax — “magmio . g

27: end for

Similar to the IGA implementation in Subsection 3.5.2, PSO can improve population diversity by splitting
its swarm into multiple subswarms, a method employed in Cooperative PSO (CPSO) [97]. Here, the
subswarms can cooperate by sharing solutions and migrating particles to enhance diversity and explore
different solution paths.

3.5.4. Trade-off between Particle Swarm Optimisation and Genetic Algorithms
PSO and GA have been compared to optimise the parameters of artificial neural networks for controlling
racecars in a simulation, to navigate around a track in the shortest time. The findings showed that
PSO outperformed GA both in terms of speed and accuracy [98]. Moreover, PSO has shown faster
convergence in designing a flexible AC transmission system-based controller for power system stability
[99] and in the design of a reduced-scale two-loop pressurised water reactor core [100]. Furthermore,
Stephen Chen, a Professor at York University, states that PSO has greater diversity and exploration,
with momentum allowing faster convergence as it moves in the gradient’s direction'3. However, he also
states that, as GA is inherently a discrete technique, and PSO is a continuous technique, it makes GA
more suited for combinatorial problems. Chen’s argumentation suggests that PSO, as a continuous
technique, may be better suited to solve continuous problems, like fitting the parameters of a neural
network; which is non-discrete.

13https ://wuw.researchgate.net/post/Can-you-please-list-main-advantages-of-PS0-over-GA. Accessed:
06/22/2025.
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Additional Results

The article presents the main results of the research, and this chapter presents supporting results
to complement the main findings of the study. The results presented here also include verification
tests and validation evaluations to highlight the flaws in the approach taken, while ensuring that the
results align with expectations. First, in Section 4.1, the launch vehicle was staged following an optimal
staging method for reusable launch vehicles of Subsection 3.4.2, with the resulting verification of the
method’s implementation conducted. Validation is evaluated through a comparison to industry launch
vehicles. Following this, relations for the centre of gravity and inertia of the launch vehicle with respect
to fuel consumption were derived in Section 4.2, and analysed, using sanity checks as verification. To
conclude the sizing work package, the chosen values for the actuators are presented in Section 4.3.
Afterwards, to generate an initial condition for policy learning of powered descent, a critical analysis
of the performance of the preceding flight phase’s controllers was conducted in Section 4.4, where
the control laws, reference and dynamic response are presented and analysed. Section 4.5 presents
the validation of the SAC reinforcement learning algorithm on the Lunar Lander benchmark problem.
Finally, additional results to compliment the article regarding NE’s performance on the powered descent
problem, are presented in Section 4.6.

4.1. Launch vehicle staging: results, verification and validation

The staging procedure reviewed in Subsection 3.4.2 is used to optimally stage the launch vehicle con-
sidering velocity losses. This section covers the outcome of that process, with the first verification
covered in Section 4.1, the results in Table 4.1, and finally, the validity of the results is discussed in
Table 4.1 through a comparison with Starship.

Verification

The launch vehicle was staged using the method of Jo and Ahn [17], to verify the implementation of
their process for a two-stage launch vehicle with a reusable first stage a reproduction of their Table 1
is performed. Errors were initially identified because the symbols used for variables in the table did
not match the variables used in the equations. For example m,; would be mlSl in paper, but more
confusing is the payload ratio, as there is an optimal and an optimal loss free payload ratio, it was
found that the table’s X is equal to A" and not \*.

The first step chosen was to calculate the procedure in reverse order and see if the « (Lagrange multi-
plier) values align for the reusable and expendable stages, using an Excel Spreadsheet. The x’s were
0.0554% different, which was acceptable due to the three to four significant figures used in their value
reporting. Table 4.1 presents the results of the spreadsheet’s verification, with discrepancies arising
from rounding errors in Jo and Ahn’s reporting, which propagated throughout the calculation.
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Table 4.1: Compared values from reverse order calculation of the optimal staging procedure for reusable launch vehicles
considering velocity losses. The calculated values are given to the equivalent number of significant figures as Table 1 of [17].

The percentage difference is computed using non-rounded calculated values, and is to three decimal places.

Variable | Calculated | Jo and Ahn | Difference (%)
eg,l 0.1421 0.1421 -0.017
A 0.323 0.323 0.122
eg’l 0.3606 0.3606 0
ml;,1 21600 21500 -0.263
mgl 399100 398600 -0.115

The next step of the verification procedure was to solve Equation 3.47 for « correctly. x was successfully
reproduced with negligible difference. The Python implementation also produced the same values as
the spreadsheet, with an insignificant difference.

Results

This section will document the results of the staging procedure. To be consistent with reusable launch-
ers available in the industry, the staging shall be based on Starship’s mission to Low Earth Orbit (LEO),
as documented in Subsection 3.4.1. Therefore, 100 tonnes of payload shall be carried. However, for
the second stage, reusability isn’t considered, as it isn’t applicable in this problem definition, which fo-
cuses on landing a launch vehicle’s first stage, and Jo and Ahn don’t provide their velocity losses for the
second stage descent. The structural coefficients of the stages and exhaust velocities of the respective
Raptor 3 engines are used to size the launch vehicle, with the velocity increments taken from Jo and
Ahn’s values as a first estimation. The results displayed in Table 4.3 include three subrockets, these
are:

» Subrocket 0 is the full launch vehicle, used during the first stage burn for ascent.
» Subrocket 1 is the separated second stage containing the payload.
» Subrocket 2 is the separated first stage on its descent procedure.

Comparison to Starship

Table 4.2 shows a comparison between the values computed and Starships. First, it can be seen that
the launch vehicle’s total mass differs by only 2.75%. However, the second stage is nearly 50 % lighter;
this could be because it is not reusable, so no extra propellant is held for landing, resulting in a lower
structural mass and a lower overall mass. Also, the first stage is 25% larger, although it carries a
lighter second stage. Telemetry data for Starship’s flight' shows Super Heavy reaching 4500 km/hr,
1250 m/s on their 7th and 8th test flights, whereas Table 4.3 shows stage 1 with 2510 m/s loss-free
velocity increment, this is increase in velocity increment causes the first stage to have a greater mass.
Inaccurate velocity loss estimates will also cause the skewness between the values.

Table 4.2: Staging results comparison with SpaceX’s Starship launch vehicle, to three significant figures.

Mass [t] Table 4.3 | Starship || Difference (%)
M1 344 275 +25.2
My 1 4260 3400 +25.2
M2 51.3 100 -48.7
Myp.2 770 1500 -48.7
mo — Mpay 5420 5280 +2.75

"https://starship-spacex.fandom.com/wiki/Starship_Flight_Test_8#Telemetry Accessed: 30-04-2025
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Table 4.3: Key staging and mass breakdown values for the two-stage vehicle, to 4 significant figures.

Parameter Symbol | Value | Unit
Lagrange staging multiplier K 2556 -
Optimal loss-free payload ratio stage 1 A 0.6909 -
Optimal loss-free payload ratio stage 2 AS 0.1700 -
Optimal loss payload ratio stage 1 A 0.2002 -
Optimal loss payload ratio stage 2 )\l; 0.1218 -
Structural coefficient ascent stage 1 €1,a 0.1231 -
Structural coefficient descent stage 1 €1,d 0.6079 | -
Structural coefficient ascent stage 1 (loss) €l1,a 0.1851 -
Structural coefficient descent stage 1 (loss) ell, d 0.4042 -
Optimal loss-free Av stage 1 Avy , 2510 | m/s
Optimal loss-free Av stage 2 Avj 6023 | m/s
Initial launch vehicle mass mo 5521 t
Structural mass stage 1 M1 344.3 t
Structural mass stage 2 Ms,2 51.32 t
Propellant mass stage 1 My 1 4257 t
Propellant mass stage 2 Myp.2 769.8 t
Structural mass stage 1 (ascent) M a1 851.7 t
Structural mass stage 2 (ascent) Ms,2 51.32 t
Propellant mass stage 1 (ascent) Mp,a,1 3749 t
Propellant mass stage 2 (ascent) Mp.2 769.8 t
Structural mass stage 1 (descent) Ms,d,1 344.3 t
Propellant mass stage 1 (descent) Mp d,1 507.4 t
Actual structural mass stage 1 Mg 1 344.3 t
Actual structural mass stage 2 M2 51.32 t
Stage 1 Mass m 4601 t
Stage 2 Mass mo 821.1 t
Actual propellant mass stage 1 Mp 1 4257 t
Actual propellant mass stage 2 Mp 2 769.8 t
Initial mass of subrocket 0 - 5522 t
Initial mass of subrocket 1 - 921.1 t
Ascent burnout mass of subrocket 0 - 1773 t
Ascent burnout mass of subrocket 1 - 151.3 t
Mass at stage separation of subrocket 2 - 851.7 t
Mass at stage separation of subrocket 1 - 921.1 t
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4.2. Inertia determination

As the launch vehicle burns propellant, the fill level of the tanks will decrease, resulting in a change of
centre of gravity and inertia. To model this effect, functions for each of the sub-rocket are created to
output the centre of gravity and inertia as a function of fuel consumption. A sub-rocket refers to the
stages present on the launch vehicle at a certain point of flight.

First, the tanks are sized before the launch vehicle’s sectioning model is presented as an approximation.
Afterwards, the dry moment of inertia and centre of gravity for the stages are found. Finally, their wet
values are showed with respect to fuel consumption.

Tank sizing

Each stage carries a tank for fuel and oxidiser, which combust in the engines to generate thrust. SpaceX
stores the landing fraction of propellant in dedicated header tanks to ensure a stable propellant feed
and minimise fuel sloshing effects during powered descent. However, to simplify the benchmark study,
header tanks are excluded, with all propellant stored in the main tanks. Secondly, tanks typically have
domes on the top and bottom, but this study approximates the tanks as cylindrical. Using the constants
defined in Table 4.4, the procedure of Equation 4.1 is followed to generate the lengths of the tanks and
masses of the propellant components for each stage, giving the final results in Table 4.5.

_ _Mprop _
MLCH, 7(1 n %), MLOX = Mprop — MLCH, (4.1a)
) 1 1
b, = MLCH: how = MLOX (4.1b)

= prer, T (Tr — twan)?’ Y prox T (rr — twan)?

Table 4.4: Tank sizing constants Table 4.5: Tank sizing results to three significant figures.
Variable [unit] | Value Variable [unit] | Stage 1 | Stage 2
prox lkg/m3] | 1200 mrox [t] 3320 600
PLCH, [kg/m3] 450 MLCH, [t] 937 169

% [-] 3.545 hrox [m] 25.8 4.67
tuwatt [m] 0.01 hrcw, [m) 19.4 3.51

Rocket sectioning

The launch vehicle is sectioned in Table 4.2 to allow estimation of the centre of gravity and inertia. This
low-fidelity method is valid for this study, although not exact, as it provides a representation of the inertia
and centre of gravity changes a launch vehicle would experience. The first stage has the structural mass
divided among a pre-allocated engine mass, dependent on the number of engines, using the Raptor 3
mass, lower and upper sections, along with structural mass surrounding the propellant: the tank.

This low-fidelity approximation enables the determination of a representative inertia and mass distri-
bution without the added complexity of a CAD-based model or structural design of the launch vehicle.
While it does not exactly capture the response, it provides sufficient resolution to show the dynamic
changes in these variables throughout the launch vehicle’s trajectory, as this is only a preliminary study
into using policy optimisation methods for first stage descent control.
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Figure 4.1: Sectioning of launch vehicle.

First stage dry inertia calculation

The masses of each of the first stage are calculated through Equation 4.2, using cylindrical tanks. The
A, is the factor of mass remaining in the structural mass distribution between the upper and lower
section heights; for this study, an equal distribution is assumed.

Ms tanks =T * (hf + hoz) : (7’3 - (TT - twall)z) * P304L

Me, stage =MNe * Me integrated

1
Muypper :(ms — Ms tanks — me,stage) ' 1+A ; (42)
u
_ Aul
Miower —(ms — Ms tanks — me,stage) : 1+ A
ul
~ Mauypper 1
huppe'r‘ - T o
Pupper T (4 3)
_mlower 1
hlower - . D)
Plower T - T5
_ che o Piower -(h +M)+ - (h L het+h _i_M)
"o Me,stage ) Miower 2 Ms tanks lower D) Muypper lower f ox D)
ydry - m
s
(4.4)

Now, the dry inertia is calculated using the cylinder’'s moment of inertia equation.

he
Ie,stage :ﬁ * Me, stage * hi — M, stage * (y:ilry + ?)2
1 hlower
Liower :ﬁ s Miower * hlzowe'r + Miower - ( 2 - y(li/r’y)2
1 Rupper 4.5
Tupper BTh Mupper - hipper + Mupper * (hiower + Moz + by + % _ ygw>2 (4.5)
1 hf+ hog
Is,tanks :E * Mg tanks * (hf + hfoa:)2 + Ms tanks * (hlower + f# - y(lilry)Q

Idry —le,stage + Ilower + Iupper + Is,tanks

Second stage dry moment of inertia

The payload structural mass is first computed using Equation 4.6, similar to the tank structural masses.
Equation 4.2 is used to get the stage’s total integrated engines mass and the tank structural mass.
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Using the volume of the cone, the nose mass is calculated in Equation 4.7, allowing for the left-over
mass to be applied to the second stage’s lower and upper stages. Here, the nose is approximated as
a cylindrical section, as in a launch vehicle; the nose is usually curved around the payload area, which
provides a complexity reduction.

Mpay 1
Ppay - (7"7’ - tfairing)Z (46)

Ms,pay =T * hpay : (T72 - (7‘1» - tfai'r‘ing)Q) * P304L

hpay =

2
Ms nose :tfairing T Tyt P304L

1
Ms, upper :(ms - ms,pay — Ms,tanks — me,stage - ms,nose) . 1 ¥ Aul (47)
_ Aul
Ms,lower —(ms — Ms,pay — Ms,tanks — Me,stage — ms,nose) : 1 + A
ul

The dry center of gravity for the second stage including payload mass becomes:

e h ower h + h0$
ygog :[_me,stage . ? + Miower * l 2 + Ms tank * (hlower + fT)
hu er h a
+mupper : (hlower + hf + hox + %) + (mpay + m&pay) . (hlower + hf + hoa: + hupper + 17271)
tfairing 1
nose * h ower h how hu er h a :
+m (htower + Iy + hog + Rupper + hpay + 2]ms+mpay
(4.8)

Now the dry moment of inertia can be found, taking I. siages Liower Lupper @NA I tanks from Equation 4.5.

1 h
Ipay :ﬁ ' (mpay + ms,pay) . h]23ay + (mpay + ms,pay) . (hlower + hf + hox + hum?er + 102(1y - ygry)z
3 r
Inose :% : ms,nose : (5 : T%) + ms,nose : (hlower + hf + horc + hupper + hpay + ZT - ygry)2

Idry :Ie,stage + Ilower + Iupper + Is,tanks + Ipay + Inose
(4.9)

Wet moment of inertia and centre of gravity

Propellant in the form of fuel and oxidiser is consumed as the thrusters burn, resulting in a shift in the
centre of mass and inertia of the launch vehicle. This cannot be neglected, as it affects the rotation
of the vehicle due to changing moment arms. First, the wet centre of gravity is calculated with the
oxidiser tank being placed underneath the fuel tank. f! refers to the fill level of the tanks, and the tilde
superscript 7 is the adjusted position. The remaining oxidiser and fuel masses and heights calculated
in Equation 4.10 are used to find the propellant centre of gravity with respect to the tank bottom in
Equation 4.10. hiower is the height from the bottom of the oxidiser tank to the base of the launch vehicle.

hog =hog - [ hy=hg- f (4.10a)
Moz =Meog - [ my=mg- f! (4.10b)

~ ” - h
Moz * (Riower + hﬁm) + Mg (hower + hox + )
Moz + mf

@.11)

Yprop =
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The inertia for the propellant is computed around the propellant’s centre of gravity, modelling the tanks
as cylinders and using the parallel axis theorem in Equation 4.12.

T ) how -
on :E cTlog ® hix + Moy (hlower + % - yprop)Q (4123)
N hy
Iy =13 " h?c +my - (hower + hog + ?f - ypmp)z (4.12b)
Forop =Low + I (4.12¢)

The wet centre of gravity is calculated in Equation 4.13, which gives the final inertia values denoted by
a hat subscript in Equation 4.14.

Ms - Ydry + ﬁlprop ) gprop

Ywet = = 413
Ywet Mdry + Mprop ( )

fdry :Idry + ms - (ydry - gwet)2 (4143)
Lyrop =Iprop + Mprop - (Tprop — fwet)’ (4.14b)
fstage :jdry + jprop (414C)

Changes with fuel consumption

Figure 4.2 shows the change in the centre of gravity with propellant consumption?. The graphs show
the centre of gravity moves aft as propellant is consumed. This is logical, as propellant is held near the
base of the stage, and burning propellant will remove propellant from the top of the tank. The oxidiser
tank is located below (aft of) the fuel tank and has a greater mass due to its high oxidiser-to-fuel ratio.
As a result, the mass loss occurs near the base.

Focusing on stage 1, the stage at which the burn is considered in this study, with a height of 50.4m.
First, with no fuel, the centre of gravity is located just below its centre. As the engines are positioned
below the base of the launch vehicle, they shift the dry centre of gravity to just below the midpoint. As
fuel is consumed, the centre of gravity drops to just under 21.5m at about 57.5% fuel consumed, before
rising to 22.6m at 100% consumption. Starting with a complete launch vehicle, the centre of gravity
is below the dry value because the oxidiser is denser than the fuel and is primarily located below the
centre of gravity. As the propellant burns, the levels of oxidiser and fuel decrease, shifting the centre of
gravity aft. As the oxidiser tank’s fill level moves past the centre of gravity, the centre of gravity moves
forward.

2The complete launch vehicle takes in the first stage propellant consumption.
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Figure 4.2: Centre of gravity change with fuel consumption.

Figure 4.3 shows the change of inertia with fuel consumption. Focusing, on the separated first stage,
the inertia decreases as fuel is consumed.
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Figure 4.3: Inertia changes with fuel consumption.

4.3. Actuators sizing: results, verification and validation

Launch vehicle staging isn’t the only part of launch vehicle sizing; the number of engines must also
be determined to provide a radius for the launch vehicle. The actuators considered in this problem
are grid fins, thrusters, and cold gas thrusters, with the thrusters based on the Raptor 3 parameters
documented in Table 3.3.

Number of engines

After launch vehicle staging, the number of engines was determined by Equation 4.15 based on Star-
ship’s TWR for each respective stage. The number of engines was used to determine the launch
vehicle’s radius using Equation 4.16. Super Heavy Booster, which features a design with 20 fixed
engines in the outer ring, followed by an inner ring of 10 gimballed engines and a central triangle of
gimballed engines, totalling 20 fixed engines and 13 gimballed engines. Taking the three centrally gim-
balled engines as fixed, independent of the launch vehicle’s configuration, the number of engines within
the rings is altered. It is known that two extra outer ring engines are needed to accommodate one extra
gimballed engine, resulting in a 2:1 ratio.
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Note that the launch vehicle’s radius was kept constant across the stages, similar to Starship, and sized
through the first stage as more engines were required there. The results of this sizing are summarised
in Table 4.6.

T;eq =m; (O) *go - TWR,L

req
né _[Ti ]
max e ' e (415)
T, =n; - T}
max
. max :iri
i —_—
Vex
Touter ~ Mout h
’[“7, — ‘]"superheavy . (1 + outer outer,super eavy) (416)

nE
outer,superheavy

Table 4.6: Number of engines results, to three significant figures for non-integer values.

Variable Stage 1 | Stage 2
Number of engines [—] 42 4
Maximum thrust [M N] 115 8.00

Maximum mass flow [t/s] 33.6 2.15
Rocket radius [m] 5.85 5.85

Stage two had two fewer engines than Starship’s 6; however, Table 4.2 shows it was 48.7% lighter. The
number of engines was rounded up, so the calculated 3.09 becomes 4.0, for an extra margin. The first
stage has 42 engines, which were arranged in an inner triangle of 3 gimballed engines, a surrounding
perimeter of 13 engines, and an outermost perimeter of 26 engines. In total, this was nine more engines
than the Super Heavy booster, but the sized stage was heavier, so it required more engines to match
the TWR ratio.

Thruster modelling

To improve simulation fidelity, pressure losses were included through Equation 3.43: as the rocket
moves through the atmosphere, atmospheric pressure changes, altering the true thrust the thrusters
exert on the launch vehicle. Furthermore, a minimum of 40% throttle per thruster has been enacted to
keep inline with available thrusters. However, during descent, the number of rocket engines active will
decrease; this switching isn’t modelled, but the central three thrusters are assumed always active, as
seen with the Super Heavy booster.

The gimbal angle is defined as counter-clockwise to keep conventions uniform; this gives the body
frame forces from the thrusters in Equation 4.17, with Equation 3.71 providing the inertial frame trans-
lation.

me =-T9. Sin(ag)
Fyr =T +T9 - cos(67) (4.17)
M, =— (deg — di)T? - sin(67)

Reaction control system

The RCS, in this case, is comprised of cold gas thrusters positioned on either side of the rocket at the
top and bottom, for a scenario that only considers pitch control. They were selected to be 1m away
from the top and base of the rocket, to give a large moment arm. Each group was modelled to apply a
singular force of 5k N at their respective points. Minimal sizing was performed for the RCS procedure,
as it had a minimal influence on the outcome of the research questions.
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Grid fins

The grid fins were selected to be 2.5m by 2m to ensure they are representative and provide a high
level of control authority. The grid fins’ aerodynamic curves, as told in Subsection 3.4.4, were taken
from Washington’s work [92]. From these curves, points were selected and then interpolated, enabling
the extraction of coefficients. The curves do not provide the full Mach number range. So, the Mach
number range was linearly extrapolated to its maximum, and C,,, was capped at zero. The lower bound
extrapolation kept the coefficient value constant.
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Figure 4.4: C),, and C, =~ Cp interpolated and extrapolated curves from Washington’s work [92].

4.4. Controller performance: generation of an initial condition for

powered descent and ensuring feasibility.

To start learning an optimal policy for powered descent, an initial state must be presented to the envi-
ronment. This section generated the initial condition by performing unoptimized control manoeuvres,
bringing it to the start of the powered descent phase. Starting with the first-stage ascent burn in Sub-
section 4.4.1, the launch vehicle was taken to a state where RTLS can be achieved by adhering to
RETALT'’s flight envelope constraints. Next, the flip-over manoeuvre and boostback burn were simu-
lated in Subsection 4.4.2 to take the booster to an arbitrary horizontal velocity, which can be optimised
in later work to meet the landing pad®. The high-altitude ballistic arc control strategy and results are
then presented in Subsection 4.4.3, providing the initial conditions for powered descent. Finally, Sub-
section 4.4.4 validates that a feasible solution space is present for powered descent policy learning.

4.4.1. Ascent control

Compared to conventional fully expendable launch vehicles, launch vehicles with a reusable first stage
have a steeper ascent when pushing a payload to LEO and performing an RTLS landing. The lower
horizontal speed and downrange distance result in less fuel required for the boostback burn, which in
turn constrains the vertical and horizontal speed limits of the first-stage ascent burn for RTLS landing.
Figure 4.5 illustrates these constraints for the RETALT1 concept launch vehicle, with a reusable first
stage, highlighting that the terminal vertical and horizontal speeds of the first stage’s ascent burn impact
the orbit it can reach and the landing scenario. Taking the ascent flight path in the diagram, although
for the AFLS scenario, it is followed until the dynamic pressure limitation region, where it stops at a
vertical speed of 900 m/s. Table 4.7 records the associated flight path angles for this trajectory as a
function of vertical speed.

3Section 4.6 manually tunes this target horizontal velocity to guide the launch vehicle to 333m away from the landing pad.
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- . . ’ . . Table 4.7: Vertical velocity versus flight-path angle
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Figure 4.5: RETALT1’s range covered from LEO and GTO orbits,
giving RTLS, ASDS (Away From Launch Site), and expendable first
stage outcomes [7].

A Proportional-Derivative (PD) controller follows the pitch reference, which was the associated desired
flight path angle concerning altitude of Table 4. 7—providing a moment throttle output saturated between
0 and 1. An estimate for the maximum feasible moment over the flight was generated, and when
multiplied by the moment throttle, it gives the desired pitch moment generated by the thrusters.

A heavy 30 kPa constraint on the dynamic pressure was applied during descent, in line with industry
launch vehicles like the Falcon 9; this was lower due to the stage fairings often having lower limits. To
manage this constraint, a Mach number reference was provided to a PD controller, which outputs a
non-nominal throttle above a base 0.5 throttle. The Mach number reference was the Mach number
corresponding to maximum dynamic pressure, as shown in Equation 4.18.

.= (4.18)
P a

The total throttle is used to calculate the engine thrust through Equation 3.43, which, when multiplied
by the number of gimballed and non-gimballed engines, gives the respective thrust for their blocks 79
and T™9. From this, the desired gimbal angle is calculated using Equation 4.19.

M.

M, =T, -sin(0,) - lih—cg —> 0y = sin_l(ﬁ
g " lth—cg

(4.19)

Figure 4.6 shows the resulting flight profile for ascent. The launch vehicle rose to an altitude of 34 km
and moved downrange to 20 km. The Mach number was well controlled by the throttle controller, with
the launch vehicle satisfying the 30 kPa dynamic pressure constraint during ascent. This is controlled
through a PD controller, which determines the maximum speed the launch vehicle can fly at to achieve
the desired Mach number for an efficient yet safe ascent. Initially, the full throttle was used to raise
the launch vehicle’s speed as soon as possible, until it was throttled back to avoid overshooting the
maximum Mach number. From here, the throttle gradually increased as the air density decreased due
to the launch vehicle’s climb, allowing for a faster speed. Eventually reaching full throttle again, as the
Mach number reference is not achievable for the launch vehicle, the dynamic pressure drops below
the 30 kPa limit.

The gimbal angle was the result of a moment reference generator and the throttle. As can be seen, the
launch vehicle had a minimal pitch angle error. The gimbal angle begins with an initial rise to a positive
angle after the launch vehicle clears the launch tower, marking the vertical rising phase. Following this,
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it lowers to a negative angle to stabilise the pitch, before rising and oscillating for fine tracking. The
gimbal angle drops to nearly negative six degrees during the throttling period, before rising above zero
and slowly converging back to zero.

The pitch angle diverges from the angle of attack, as indicated by a final pitch angle error of nearly
six degrees. Interestingly, it starts at zero before dropping into negative values as the launch vehicle
heavily pitches over, then increases to just above zero as the vehicle throttles. Here, the aerodynamics
has time to correct for the change in pitch angle, which is notably lower due to throttling. Finally, as
the launch vehicle throttles again, the angle of attack decreases to negative six, plateauing near the
end. This illustrates that the aerodynamic stability of the launch vehicle is insufficient to correct the
angle of attack; therefore, additional control mechanisms, such as variable thrust over the engines or
controllable aerodynamic surfaces, are required to ensure a decoupled controllable pitch moment and
horizontal force.
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Figure 4.6: Simulation mission profile of the complete launch vehicle ascent to stage separation.

4.4.2. Flip over manoeuvre control

The flip-over manoeuvre rotated the launch vehicle’s pitch to horizontal using TVC on a select number
of gimballed engines. Here, a PD control took the pitch error as input to output a commanded gimbal
engine, which was then filtered through a low-pass filter to simulate actuator delay. Figure 4.7 shows
the results of the combined flip-over manoeuvre followed by the boostback burn to an unoptimised
terminal horizontal velocity of 100m/s. The thruster’s gimbal quickly to a negative angle, causing a
positive pitch rate by applying a force in positive x body axis to the rocket from its base to generate
a positive moment. Then, the gimbal angle decreased and became positive to reduce the pitch rate,
before decreasing and increasing again to finalise the pitch at its desired angle with negligible overshoot
or steady-state offset.

The proportional term provided the main movement of the gimbal, and damping happened from the
derivative term. The gimbal angle induced a change in the moment, with a negative gimbal providing a
positive moment, thereby altering the angular acceleration of pitch. An integral term is not needed, as
no steady-state error is observed, thereby simplifying the system’s implementation to a PD controller
with saturated outputs at the gimbal’s maximum deflection of 10°.

The gains will be negative as they align with the actuator conventions; a negative gimbal angle induces
a positive pitch moment, which increases pitch acceleration and, consequently, pitch angle when the
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initial pitch rate is zero. Recognising that negative gains are necessary, a constrained search space
for gains was employed to identify the gains.
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Figure 4.7: Mission profile of the flip-over manoeuvre followed by a boostback burn.

Particle Swarm Optimisation for Tuning the Controller of the Flip-Over Manoeuvre

A vanilla PSO algorithm was used to search for optimised gains for the PD controller performing the flip-
over manoeuvre, under the cost function of Equation 4.20. The PSO fine-tuned the gains to achieve a
faster response, resulting in an increase in performance. The comparison metrics and gains of Table 4.8
show a 4s reduced settling time, a 10.5% reduced cost, and a neglible final pitch error.

N-1 . , - .
_ leo (1)) 169 (2)] 10(3)] eo(d) - 6(i)) - 1200 leg(N —
J“'izo ( 10 20 5 +H(—eo(i) - 0(i) - — > 410 |eg(N —1)| (4.20)

response time

——
control effort  heavy pitch rates

pitching away from reference

final error

Table 4.8: Result of manually and PSO tuned gains for a PD controller performing the flip-over manoeuvre, given to three

significant figures.

Gains K, K;  Setiling time [s] Final pitch error [°)] J
Manual | -18.0 -5.00 17.5 1.53 914
PSO | -22.0 -4.80 13.5 1.47 818




4.4. Controller performance: generation of an initial condition for powered descent and
ensuring feasibility.

150 A
175 A 125
150 A
— 100 A
— 125 g
— | 75 1
© 100 A 5
75 = PSO Gains @ 301
= Manual Gains 25 A
50 1 - = Reference 0
90 95 100 90 95 100
t[s] t[s]
10 60 -
5 50 A
_ . 40 A
: £
g 01 2. 30 A
-
5 20 A
10 l
—10 A 04
90 95 100 90 95 100
t[s] t[s]

Figure 4.8: Comparison of a manually tuned (red) and particle swarm optimised (blue) controller gains.
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4.4.3. High altitude ballistic arc control

The RCS was used to orient the rocket to achieve a low angle of attack after it reached its apogee.
Here, a PD controller minimised the rate-limited angle of attack once the flight path angle reached 200°.
It began with a dominating proportional term, causing the RCS throttle to provide its maximum negative
moment to achieve a negative pitch rate, until it approached the reference. At this point, the throttle
turned positive to increase the pitch rate to positive, correcting for the overshoot before it was damped
out.

2_
80 -
D,
E | Y o
] 60 =
> ‘@ —4
40 1 —61
| | | | | -8 | | | |
32 34 36 38 40 150 200 250 300
X [km t[s
200 [km] [s]
1.0
— 300 . 0.51
— i
W - ]
L / Q 0.0
c 200 ! &
<t I} = Bdown —05 |
, — — Y
100 | o = 1.0 ||
150 200 250 300 150 200 250 300
t[s] t[s]

Figure 4.9: Simulation results from the high altitude ballistic arc.

4.4.4. Powered descent feasibility verification

This section covers the procedure used to ensure landing feasibility through throttle modulation. A
feasible solution space was essential to guarantee that the policy optimisation methods were given a
solvable problem, such that a feasible policy could be learnt. As explained in Chapter 2, the stage was
subject to a 65k Pa dynamic pressure constraint during descent, implicitly combining the re-entry and
landing burns into a continuous powered descent burn, thereby reducing the problem complexity.

The purpose of this reference was not to generate an ideal solution but to validate that a throttle-only
controller can, in principle, satisfy the dynamic pressure constraint across the entire landing phase. This
ensured that the learning problem was not ill-posed and that the launch vehicle possessed sufficient
control authority and propellant to regulate its descent under aerodynamic and terminal constraints.
Once feasibility was established, this reference was discarded, and the policy was trained towards
more optimal solutions.

A second-order polynomial function was fitted to generate this reference, constrained to pass through
(start at) the initial descent condition and to a zero velocity at the ground. The polynomial was curved
to have a point tangent with a 50k Pa dynamic pressure limit, ensuring a trajectory within the flight
envelope’s constraints, giving a gradual reduction of speed. Figure 4.10 shows the polynomial fit in the
red line, and the velocity corresponding to the dynamic pressure limit in blue.
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Figure 4.10: Initial powered descent velocity reference guess. Vimax corresponds to the maximum speed the rocket can travel
at to not breach the 50k Pa dynamic pressure constraint.

A simple proportional controller satisfied speed reference tracking, eliminating the need for integral or
derivative terms. In Chapter 2, this was replaced with an optimally learnt policy. As shown in Figure 4.11,
the launch vehicle started throttling to maximum before down-ramping after the dynamic pressure peak
was reached. During the phase of maximum throttle, the dynamic pressure limit of 50k Pa was briefly
exceeded to 60k Pa, even though the speed reference wasn’t achievable at maximum throttle, meaning
that zero-error tracking was unachievable. However, the dynamic pressure remained below the 65k Pa
threshold, showing the launch vehicle had sufficient thrust. The launch vehicle stopped 0.964m above
the ground with -1.07 m/s vertical speed and a positive 1.669m /s horizontal speed. The low speeds
cause the angle of attack to oscillate due to numerical integration errors, resulting in the horizontal
speed overshooting O0m/s and then rising to a positive speed.
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Figure 4.11: Landing burn dynamics using classical controllers to follow the velocity reference of Figure 4.10.
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4.5. Reinforcement learning verification

This section aims to verify the SAC’s implementation using a uniform replay buffer through a system
test that is independent of the custom simulation environment. The Lunar Lander v3 continuous en-
vironment, an OpenAl Gymnasium benchmark problem [101], has been used in literature to evaluate
the success of RL algorithms due to its moderate complexity and terminal state rewards. Verification
was performed by testing the performance of the SAC with unoptimised hyperparameters in the Lunar
Lander environment to analyse convergence behaviour and validate that satisfactory exploration and
exploitation are present.

The Lunar Lander environment provides a -100 and +100 reward for crashes and successful landings,
respectively, along with lower magnitude rewards that guide success and optimality. Truncation (early
stopping) of the episode occurs when the lander exits the frame, crashes or exceeds a maximum 1000-
step limit, to improve learning efficiency.

The results are presented in Figure 4.12 using standard hyperparameters documented in Table 4.9.
For a successful episode, the reward must be above 200 4, which can be seen from 600 episodes in
both the training and evaluation rewards, indicating that the SAC successfully solved the Lunar Lander
problem.

The training rewards rose from -500 to 0.0, with some errors dropping to below -1000, indicating that
the policy was still exploring. At 200 to 500 episodes, the problem was typically truncated due to the
maximum number of steps constraint, thereby mitigating the negative 200 reward given for a crash
landing. At 500 episodes, the reward rose to over 200, indicating a successful episode as a new
experience was unlocked. This caused stochasticity as the agent adapted to the new transitions, before
stabilising just after 600 episodes, resulting in continual successful landings.

Lunar Lander Training and Evaluation Results
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Figure 4.12: SAC agent’s performance on the Lunar Lander v3 continuous benchmark problem from OpenAl Gymnasium
[101].

Table 4.9: SAC hyperparameters used for the Lunar Lander verification test of Figure 4.12.

Actor layers  Critic layers 1y« T No 10 N Ny
2x256 2x256 0.2 099 0.005 256 0.001 0.001 0.001

Extra findings. The SAC'’s first implementation was with the JAX machine learning library with CUDA
GPU acceleration, JAX uses Just-In-Time (JIT) compilation, to reduce computational time from compil-
ing functions at runtime for accelerated computation. However, this resulted in a significant amount of
code due to the creation of an inference class to facilitate logging of variables.

JAX’s implementation was taking a long time to run episodes, at around 10-14 iterations per second
for the initial 200 episodes. Therefore, blog posts were consulted to determine the number of episodes

“https://gymnasium.farama.org/environments/box2d/lunar_lander/. Accessed 03-06-2025
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typically required to solve the Lunar Lander problem. These blogs commonly used PyTorch for the
SAC, and the number of lines of code was a fraction of the current JAX implementation. Fewer lines
of code provide easier maintainability. As a result, a quick PyTorch implementation with CUDA GPU
acceleration was created, showing an average speed increase of over ten times. Although JAX had
TensorBoard logging, which could slow it down slightly, the leading theory behind JAX’s speed decline
was incorrect JIT compilation at each step, causing significant compilation overhead. This motivated
the SAC to be run on PyTorch. Finally, when extensive logging was enabled this time through pandas,
the speed was halved, but it was still over five times faster than the original JAX-based implementation.

4.6. Additional neuroevolution findings regarding the powered de-

scent problem.

The boostback burn used in the article and Section 3.1 landed the first stage 30 km Eastward of the
landing pad. To provide an answer to RQ3 (Section 1.3), the boostback burn’s terminal horizontal
velocity was tuned to —215m/s, taking it to 333 m away from the landing pad using the initial guess
velocity profile and throttle controller of Section 3.1. The powered descent phase then had an 818.6¢
starting mass, whereas previously it was 1630t.

Figure 4.13 shows the best and average fitness of the subswarms and swarms as a whole. A clear trend
of increasing average fitness was evident for subswarm one, whereas subswarm two had a delayed
fitness increase. The main driver of the increase in fitness was the number of successful landings
within the swarm. The best fitness values showed a first feasible solution at the 27" generation for
the first subswarm, with further fitness increases after reducing propellant consumption by 143 t, an
18.8% decrease in consumption. Subswarm two explored a different search trajectory, achieving the
first feasible solution at the 44" generation. However, it consumed a significant amount of fuel. This
subswarm matched subswarm one’s performance (within three kilograms) by the 150" generation.
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Figure 4.13: Best fitness and average of two subswarms performing PSO to fit a neural network over 150 generations to
perform powered descent. The left plot displays the best fitness values, with the global best indicated by a red dot. The right
plot shows the average fitness of the subswarms, with the average value indicated in red.

The best candidate solution’s resulting trajectory is shown in Figure 4.13. The stage lands 157m East-
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ward of the landing pad, the dynamic pressure peaks just below the 65kPa constraint. Following this,
the throttle initially increased before decreasing to reduce velocity as the stage approached the landing
pad. Ultimately, resulting in a successful landing.
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Figure 4.14: Trajectory of the final candidate solution from the PSSO performing NE of Figure 4.13.



Conclusion

This report aimed to provide an investigation into the performance of SAC and PSSO methods for learn-
ing a policy to perform the powered descent procedure for a launch vehicle’s first stage. Secondly, it
aimed to identify improvements in the iterative optimal staging and trajectory optimisation procedure
for reusable launch vehicle sizing, particularly in terms of powered descent trajectory prediction and
estimation of key design parameters, such as the moment of inertia. This section summarises and eval-
uates the findings of this report, relating directly to the research objectives, questions, and hypotheses
presented in Chapter 1.

The motivation for linking policy optimisation methods for powered descent with reusable launch vehicle
staging and sizing, and evaluating the performance of both SAC and PSSO for guidance and control
was:

+ Traditional methods for performing guidance and control of powered descent, like SCvx or MPC,
require inner-loop controls to correct for errors in model linearisation. For example, changes
in aerodynamic coefficients or moment of inertia are inherently nonlinear. As a result, Gaudet
proposed utilising DRL to learn a policy directly that works with nonlinear dynamics, integrating
guidance and control. However, Gaudet’'s work only considered a very small rocket in the final
stages of powered descent'[14].

The iterative staging-trajectory optimisation procedure presented by Jo and Ahn [17] would re-
quire new design parameters, such as the number of engines, to be determined for each staging.
Additionally, with a different plant?, the inner-loop controllers would need retuning due to changes
in many plant variables, requiring either manual inspection or automatic tuning with custom cost
functions.

« As explained in the Subsection A.1.2 and Chapter 2, the RL algorithms (SAC and TD3?®) struggled
to learn a solution; as a result, PSSO was considered as an alternative. This was supported by
theoretical literature regarding benchmark comparisons of NE and DRL, where NE outperformed
on problems with local minima (e.g., arising from a non-convex reward function), long time hori-
zons, and high value function variance [20], [41], all present in the problem formulation. As a
result, a comparison between gradient and non-gradient based methods’ performances for this
problem formulation was conducted.

* NE is the use of an EA to optimise a neural network’s parameters, topology or learning algorithm
coefficients. EAs are algorithms inspired by evolution [38], Sl algorithms like PSSO, on the other
hand, are inspired by the collective behaviour of animals, and can be said to perform NE in the

"Note that Gaudet’s work was for a Mars mission, as such a 2km powered descent phase may be feasible. However, the
Falcon 9 from SpaceX starts a re-entry burn at 50-60km, before a landing burn at 5km, to manage thermal and dynamic pressure
constraints.

2For a control system, the plant refers to the process being controlled, i.e. the simulation model.

3TD3's results are not reported in this work but only included in the planning as reporting of only SAC’s results directly answered
the research questions more concisely.
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place of EAs. The focus of NE here was only to optimise the parameters, keeping it coherent with
implementations from the literature motivating its use over DRL [20], [41].

Key pieces of work were created, and insights were found. The optimal staging procedure for reusable
launch vehicles considering velocity losses was reproduced from Jo and Ahn’s work [17], complete
with verification and validation through a comparison with Starship’s values in Section 4.1. From the
masses found for each stage, the rocket’'s dimensions were estimated to create a variable moment
of inertia and centre of gravity model, allowing for variable moment arms, as shown in Section 4.2.
Furthermore, aerodynamic coefficient relationships for the launch vehicle body and manoeuvrable grid
fins were incorporated to provide a representative change in aerodynamic forces with angle of attack
and Mach number in Subsection 3.4.5, Subsection 3.4.4 and Section 4.3. Additionally, representative
initial conditions for the powered descent phase were generated using mock references and classical
controllers, as described in Section 4.4.

Chapter 2 conducted a comparison of using SAC and PSSO to learn a throttle profile for the powered
descent problem, complete with an extensive hyperparameter study for the SAC to ensure a fair com-
parison. The PSSO quickly found a feasible solution and continued optimising for fuel consumption
minimisation, resulting in a 90 t reduction in the article and a 143 t reduction for the best-performing
swarm in the scenario of Section 4.6. For the PSSO, a gated reward function was easily created to
guide the swarm first to avoid the dynamic pressure constraint, then to take it to the ground, and fi-
nally to achieve a successful landing, as well as minimise propellant consumption. By comparison,
the SAC was unable to generate a solution for either sparse and non-sparse reward functions, due
to non-informative gradients stemming from poor value estimation resulting from a non-convex reward
function in the non-sparse reward case, and a lack of learning signals, which caused the sparse reward
case to become trapped in a local optimum. NE performs non-gradient black-box optimisation with a
population of solutions, mitigating these issues.

5.1. Key limitations of the work.

This section summarises the key limitations of the work and the reasoning behind them. Starting with
the staging procedure validation of Section 4.1, a difference of 2.75% was found for the launch vehicle
compared to Starship; however, the first stage was nearly 25% heavier, while the second stage was 50%
smaller. The discrepancy was theorised to be due to the second stage in this work being modelled as
expendable, whereas Starship is reusable. Secondly, the velocity losses and descent increment have
not been updated, but instead taken from the work of Jo and Ahn.

Section 4.3 finds that the staged rocket of this work has nine additional engines (27%) more engines
for the first stage, but it is heavier, and two fewer engines for the lighter non-reusable second stage. As
a result, the radius is 30% larger. Furthermore, empirical data from proprietary sources are required to
obtain accurate estimations of A,; and pypper, thereby providing representative lengths for the stages,
and thus more realistic moment arms, centre of mass and inertia. However, for this study, this procedure
is adequate as it illustrates the dynamics of changes in inertia, moment arms and centre of mass
concerning fuel consumption.

Regarding the modelling, the main simplification is that only three DoF dynamics are used - lateral
and longitudinal translation with pitch rotation. However, when reviewing key work on lossless convex
optimisation, SCvx and DRL for the powered descent problem in Table 5.1, it can be seen that all the
work considers a point mass model, and most of the work does not account for rotational motion. As a
result, taking a three DoF model with rotational motion is comparable in complexity to similar methods.
Furthermore, all the previously performed powered descents started from under 3 km above the surface
as they were based on Mars. In contrast, this work began at an altitude of around 30 km to manage a
significant dynamic pressure constraint.
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Table 5.1: Degrees of freedom for previous work in generating guidance for the powered descent problem on Mars.

Reference Year Description

[3], [5], [11], 2007, 2010, Considered three DoF, but did not consider the translational and rota-

[12] 2013, 2016 tional motion to be coupled, and modelled the rocket as a lumped mass.
nyy 2018 6 DoF point mass model.
4 2018 6 DoF point mass model, but without direct yaw control.

Creating a full-fidelity launch vehicle model was deemed infeasible within the project timeframe, as
reasoned in Subsection 1.2.2, and is therefore presented in Section 5.5 as future work.

Regarding the flight phase controllers preceding the descent phase, first, the ascent phase controller
obtained a reference profile from RETALT1 to enable a feasible RTLS launch. This profile was not opti-
mised for the launch vehicle itself. As such, the propellant allocated for first-stage ascent, as assigned
by the optimal staging procedure, was not fully consumed. Furthermore, the angle of attack peaks at
6.147 at the end of the flight, as uniform gimbal angles and throttling are assumed across the engines,
causing a coupling between the pitch moment and the perpendicular force. To fully correct for this,
non-uniform throttle, additional aerodynamic control surfaces are required.

Although the control for the flip-over and boostback burn performs well, the optimal burn time or terminal
horizontal velocity of the boostback burn is required to ensure a fuel-optimal landing at the landing pad.
This was circumvented by tuning the terminal velocity manually to guide the launch back to within 333
metres from the landing pad, in Section 4.6. Finally, Chapter 2 reduces the final landing burn phases
to two phases* and neglects aerodynamic heating for simplicity.

Finally, there were computational limitations as presented in Subsection 1.2.2. These were partially
mitigated through implementing a multithreaded solution for the PSSO and GPU acceleration for the
SAC.

5.2. Hypotheses.

This section evaluates the hypotheses presented in Subsection 1.2.3.

HP.1. Reinforcement learning algorithms can successfully control the powered descent phase of a
launch vehicle’s first stage, achieving a stable landing.

From the experiments conducted in Chapter 2, the SAC controller did not find a solution to powered
descent; however, this does not mean that other RL approaches cannot achieve a successful powered
descent. Accordingly, HP.1 is not rejected.

HP.2. The selected neuroevolution algorithm will require fewer training episodes to learn an effective
control policy for powered descent, compared to the selected reinforcement learning method, thereby
demonstrating greater learning efficiency.

Chapter 2 shows that the PSSO finds a feasible solution, whereas the SAC fails to do so within the
same number of episodes; thus, HP.2. is not rejected.

HP.3. Policy optimisation methods can be effectively applied to determine velocity increments for
optimal staging in reusable launch vehicles, yielding consistent performance when hyperparameters
are held constant across optimisation iterations.

Section 4.6 provides evidence not to reject HP.3. as a successful solution if found with a different initial
powered descent mass.

HP.4. The developed methodology will estimate the inertia of a launch vehicle stage when provided
with a specified stage mass at staging.

Section 4.2 developed this methodology, passing this hypothesis. However, it would benefit from vali-
dation with proprietary data.

4Falcon 9 and RETALT1 [7] follow a mission profile with a re-entry burn, followed by a ballistic arc, and finally a landing burn.
Whereas, the SuperHeavy Booster has a single landing burn.
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5.3. Research questions.
This section evaluates the research questions presented in Section 1.3.

RQ.1 How can policy optimisation methods be applied to find effective high-level trajectory planning
and mid-level guidance control strategies for the powered descent of a reusable launch vehicle’s first
stage?

+ RQ.1.1 What policy optimisation algorithms are most suitable for performing powered descent?

+ RQ.1.2 To what extent can the selected algorithms achieve a successful landing under represen-
tative powered descent scenarios on Earth?

* RQ.1.3 How do the learning efficiency and stability of the different algorithms compare in this
context?

Traditionally, powered descent utilises convex optimisation (covered in Section 3.1) to provide guid-
ance, with inner-loop tracking error controls. Policy optimisation methods offer the ability to join the
guidance and control into a single system [14]. Section 3.2, focusing on model-free algorithms, de-
duced that an online algorithm was preferred as the policy will initially not be sufficient for landing and
such online learning (within a simulation) is needed to unlock new solutions. Moreover, an off-policy
method was chosen because it allows the reuse of previous transitions through a shared replay buffer,
which improves sample efficiency. To work on a continuous domain, five actor-critic formulations were
reviewed: DDPG [72], D4PG [80], SAC [28], TD3 [81], and MPO [84]. SAC was deemed the most
promising as DDPG, D4PG, and TD3 use state-independent Gaussian action space noise, whereas
SAC learns a stochastic policy to manage exploration. The state-dependent noise modulation of SAC
enabled targeted exploration during stages within the powered descent phase, in contrast to a fixed
Gaussian noise, which can destabilise nominal trajectories. Furthermore, two buffer types were chosen
for trial: the standard uniform replay buffer and the more advanced PER buffer [70] to improve sample
efficiency.

Two mainstream algorithms compatible with NE were reviewed in Section 3.5: GA and PSO (with
their extensions). PSO was chosen over GA as it has shown faster convergence on three examples
[98]-[100], and is better suited to fitting the parameters of a neural network, as GA is an inherently
discrete algorithm. The PSO was extended to a PSSO to increase diversity and explore different
search trajectories. The application of PSSO performing NE was demonstrated in Chapter 2 to show a
powered descent with a single policy, without the need for linearization model simplification and internal
tracking error controls. The policy optimiser, through training on non-linear dynamics, learns a policy
that accounts for non-linear dynamics, such as variable aerodynamic coefficients and pressure losses
on thrusters. As a result, the solution first provided a feasible powered descent trajectory and then
reduced propellant consumption during the flight phase.

Furthermore, the gradient-based SAC RL algorithm was validated in the LunarLander environment, as
shown in Section 4.5, achieving successful completion within 600 episodes. However, when added
to a more representative model in Chapter 2, it struggled with a non-smooth reward function, causing
difficulty in value function estimation. However, this problem could be solved by providing a veloc-
ity reference or through inverse reinforcement learning. However, they both would then require non-
policy-optimisation methods to generate this reference. Alternatively, the non-gradient-based PSSO
algorithm, which performs NE (see Subsection 3.5.1), provided a feasible powered descent solution,
independent of a velocity reference or an inverse reinforcement-learned reward function. As a result,
the non-gradient-based policy optimisation algorithm is suitable for performing powered descent.

To summarise the answers:

* RQ.1 Policy optimisation can provide an integrated guidance and control solution.

* RQ 1.1 SAC was deemed the best model-free RL algorithm, and PSO was preferred over GA for
performing NE.

* RQ 1.2 PSSO successfully lands the rocket, whereas SAC fails to land it within the period of
PSSO.
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* RQ 1.3 PSSO is inherently stable as it does not rely on gradient-based updates, which cause
instability in SAC. Also, PSSO efficiently finds a solution within four generations.

RQ.2: What model fidelity is required to accurately represent powered descent flight for a reusable
launch vehicle’s first stage as a feasibility study for policy optimisation’s effectiveness?

+ RQ.2.1 How can a representative initial condition for powered descent be generated based on a
realistic mission profile?

* RQ.2.2 What are the key mathematical equations necessary for an adequate simulation model
of powered descent?

* RQ.2.3 Which model extensions (e.g., aerodynamics, fuel sloshing) could most improve fidelity
for future research?

Section 3.4 presents a rocket model incorporating non-linear features. For example, aerodynamic co-
efficients are taken from the V2 rocket’s curves to provide a representation of their changes with angle
of attack and Mach number. Moreover, a variable centre of gravity and inertia model is presented
in Section 4.2 to model their changes with fuel propellant consumption, which has often been over-
looked in work on rocket landing control. The actuators comprised of gimballed and fixed thrusters
with pressure losses, grid fins with variable aerodynamic coefficients (see Subsection 3.4.4) and a re-
action control system comprised of cold gas thrusters. A clear mathematical description of the model is
shown in Chapter 2. The final recommendation of Section 5.5 includes extending the model to 6-DoF
and incorporating fuel sloshing dynamics.

The initial condition generation for the powered descent flight phase starts with a verified implementation
of an optimal staging procedure for reusable launch vehicles (see Subsection 3.4.2 and Section 4.1).
Following this, the launch vehicle has parameters such as the number of engines and dimensions,
providing a first iteration of staging for a launch vehicle. This launch vehicle follows a mock ascent
reference from RETALT1’s mission profile, utilising PD controls and a Mach number reference con-
strained by dynamic pressure limitations. Then, a PD controller performs a flip-over manoeuvre, which
proceeds to the boostback burn and a high altitude ballistic arc past its apogee. The initial condition
is checked for feasibility in Subsection 4.4.4 by a mock velocity reference constrained by the maxi-
mum dynamic pressure being tracked by a throttle controller, giving a successful soft landing under the
terminal conditions of Chapter 2.

To summarise the answers:

* RQ.2 Subsection 1.1.1 introduces the need for non-linear features such as variable inertia, centre
of mass and aerodynamic coefficients; limitations of previous work ([3], [5], [11], [12], [14]), and
Section 3.4 presents how non-linear features can be incorporated.

* RQ.2.1 Section 4.4 presents the generation of a representative initial condition for a scenario of
a two-stage launch vehicle travelling to LEO with a reusable first stage under a RTLS landing
scenario.

* RQ.2.2 The mathematical model is presented in Chapter 2.

* RQ 2.3 Recommended model extensions are the inclusion of fuel sloshing and extending to a six
DoF model.

RQ.3: Do changes in launch vehicle parameters necessitate re-tuning of hyperparameters for learning
a policy to perform powered descent?

* RQ.3.1 How do the hyperparameters change the learning/optimisation stability and efficiency
regarding the chosen RL algorithm?

* RQ.3.2 How can policy optimisation be incorporated into the optimal staging procedure to handle
variations in launch vehicle parameters?

* RQ.3.3 How can a low-fidelity methodology estimate key physical parameters (such as inertia
and actuator sizes) for a launch vehicle following a staging procedure?

» RQ.3.4 How similar are the launch vehicle parameter estimations compared to the Starship launch
vehicle?
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Section 4.6 documents a PSSO performing NE with the same hyperparameters as the solution in Chap-
ter 2, Section 4.6 starts with a different initial condition and still provides a feasible solution to powered
descent, before minimising propellant consumption. This demonstrates that the hyperparameters are
independent of the launch vehicle’s starting mass at powered descent, and therefore, no retuning of
hyperparameters is necessary. A key drawback of the optimal staging procedure for reusable launch
vehicles [17] was identified in Subsection 1.2.1, namely that for each new rocket configuration, classical
controllers require their gains to be retuned, which often necessitates human feedback. Conversely,
NE provides a solution which can be run autonomously. As a result, it is proposed to replace the clas-
sical controllers with policy optimisation methods. Finally, Chapter 2 conducted an extensive ablation
study on the SAC’s hyperparameters. Covering: actor, critic and temperature learning rates, and the
Polyak averaging coefficients. Furthermore, for the flip-over manoeuvre, an example of tuning the PD
controller with PSO is provided in Subsection 4.4.2.

Section 4.2 presents an inertia estimation model, and Section 4.3 determines the number of engines re-
quired based of Starship. The staging procedure is compared to Starship in Section 4.1 and Section 5.1
discusses the discrepancy - being due to first iteration velocity increments and a non-expendable sec-
ond stage, leading to a 25% heavier first stage and 50% smaller second stage, but an overall difference
of 2.75%.

To summarise the answers:

* RQ 3 PSSO, the successful method, has been shown to converge with 50% lower starting mass
in Section 4.6.

* RQ 3.1 An extensive ablation study of the SAC was conducted in Chapter 2.

* RQ 3.2 PSSO NE can provide a method for generating velocity increments for powered descent
independent of the launch vehicle’s parameters. Additionally, Chapter 2 recommends extending
this to use NSGA-II for learning the boostback burn’s terminal velocity and the policy for powered
descent.

* RQ 3.3 Section 4.2 and Section 4.3 developed a model to estimate the variable inertia and centre
of mass, and Section 4.3 estimated the number of engines.

* RQ 3.4 Section 4.1 compared the staging values to Starship.

5.4. Reflection

This study contributes to the primary research objective:

To investigate the performance of gradient and non-gradient based policy optimisation methods for
first-stage landing during the powered descent phase.

The study finds that the non-gradient-based PSSO outperforms the gradient-based SAC in learning a
throttle mapping for powered descent. This could motivate future research into utilising NE for reusable
launch vehicle guidance and control, over RL. Moreover, it provides a cautionary tale on the applicability
of RL for continuous control problems, showing how, for specific problems, it can struggle to converge.
For instance, SAC works well without hyperparameter tuning in the simple Lunar Lander environment,
but was unable to converge on a higher-fidelity model with dynamic pressure. As a result, when choos-
ing to use neural network-based control, backed by previous literature [41], the author recommends:

If the reward function is non-convex with a considerable number of local optimums, NE is preferred
over RL.

Regarding the secondary research objective:

To develop and evaluate improvements in the iterative process of optimal staging and trajectory
optimisation for reusable launch vehicles, with a focus on the powered descent trajectory prediction
and the estimation of key design parameters, to support more efficient and reliable launch vehicle
design.

This study presents an estimation of key design parameters and provides powered descent trajectory
prediction without the need for manual retuning of controllers. This can be extended to the full descent
procedure as recommended in Chapter 2.
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5.5. Recommendations for future research

The article of Chapter 2 proposed three avenues for future work regarding the descent guidance prob-
lem. Firstly, utilising NSGA-II to optimise all the descent flight phases in combination [96]. Secondly, to
incorporate a known horizontal wind into the physics and the provision of additional actuators. Finally,
to try model-based RL [51], reward shaping [102], or inverse reinforcement learning [62], [63]. Below
are extra recommendations and future work directions.

» Benchmark problems play a crucial role in evaluating the performance of reinforcement learning
and neuroevolution algorithms. For example, OpenAl’'s gymnasium has Atari games and MuJoCo
robotics environments, covering continuous and discrete control tasks. Additionally, the Farama
Foundation maintains additional open-sourced environments configured the same as gymnasium;
these include a UAV flight control environment and car racing simulators. Adding a benchmark
first-stage landing environment with the ability to select which flight phase here would enable
future work regarding the performance of these algorithms for this problem.

* NE can learn a policy for powered descent under a horizontal wind profile, as proposed in the
article. The resulting trajectory can be used to create a velocity tracking reward for an RL algorithm
operating in an environment with wind gusts, modelling uncertainty, and additional disturbances.
This approach is similar to that of Gaudet, who used a velocity target to guide the agent [14]. To
ensure robustness Robust Adversarial Reinforcement Learning (RARL) can be utilised [103].

Generative Adversarial Imitation Learning (GAIL) of SCvx solutions by a neural network [104] to
allow for faster solutions®. This can then be learned as part of the curriculum with an inner-loop
neural-based controller.

First, extend the model to 6-DoF, incorporate fuel sloshing and a variable centre of pressure.
Following this, consider the incorporation of a launch vehicle’s bending modes and aerodynamic
coefficients for modern launch vehicles over the V2 curves.

5This approach would require additional computational resources than used to conduct this study.
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Appendix

A.l. Project Planning

This section covers the planning process of the project. The work was divided into two main research
phases, culminating in distinct milestones: a midterm and greenlight review. Research Phase | aimed
to demonstrate feasibility in answering the research questions and build an environment for policy
learning. Phase Il aimed to answer the research questions directly.

First, the milestones for writing an MSc thesis at the Faculty of Aerospace Engineering, for the Control
and Simulation profile, are outlined in Subsection A.1.1, before the Work Packages (WPs) of each
phase are covered in Subsection A.1.2. Finally, the Gantt charts illustrating the project’s progression
are presented in Subsection A.1.3.

A1l Milestone planning
The research project has scheduled milestones to guide the student to a structured thesis. They are
presented in order of appearance below

1. Initial research proposal

A research proposal document was drafted that proposed the application of reinforcement learn-
ing to the task of rocket landing, highlighting the project’s relevance. Later, it went on to briefly
outline broad groups of methods or tools that could be used, along with an initial Gantt chart. The
research proposal enabled a more targeted literature review and ensured the development of
novel findings.

2. Literature study

The literature study reviewed academic articles relevant to the topic and documented reusable
rockets active in the industry. The first draft of the literature study was purposely made broad
to give the author a wide view of the methods available to help solve the rocket landing control
problem.

3. Research proposal

Conducting the literature review provided valuable insights for finalising the research proposal and
project planning. Here, the research questions, Gantt chart, and Work Breakdown Structures
(WBS) were developed to provide a structured framework for the project. Also, options were
provided in case implementation was easier or more complicated than expected.

4. Mid term review
The end of the first research phase culminated in a Midterm review, where the work was pre-
sented to the project supervisor. The mid-term review aimed to show the initial feasibility of the

project. Following the midterm review, the final plan was updated, and the research questions
were reviewed in light of the insights uncovered.
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5. Greenlight review

The greenlight review was the presentation of the draft thesis, which aimed to be as complete as
possible. The research questions had to be addressed for the greenlight review, and an additional
focus was to be placed on the culminating weeks of writing the article and discussing the results.

A.1.2. Work packages

Following the draft of the literature study, an initial plan was made. Here, the work was split into two
phases. Phase | lasted until the mid-term review, to provide proof of concept for the method and demon-
strate its potential to answer the research questions. Following this, Phase Il would fully implement the
technique to answer the research questions. This section will cover the initial WPs devised for each
phase, as well as the findings and supervisor feedback that led to alterations to the WPs.

Project kick-off and literature study

The thesis began by identifying and selecting an application of EAs or RL within the aerospace domain
that could yield novel findings. Consequently, the broad idea of applying RL to reusable launch vehicles
was decided upon and presented at the kick-off meeting, along with a project description crafted in
tandem. The initial RL solution aimed to cover fault-tolerance and interpretability; however, feedback
from the kick-off meeting indicated that the targeted task was too broad for this timeframe.

The literature study began by dividing the survey into three groups, following the creation of a prelimi-
nary research definition —a smaller version of the research proposal — to identify topics that would be
covered in the literature study.

* LIT.1: Reinforcement learning. Aiming to cover the main groups of methods used within RL,
starting from a foundational basis. Secondly, to research methods which increase learning effi-
ciency and stability due to constrained computational resources. Finally, to culminate in an initial
algorithm decision, best suited to the research problem.

» LIT.2: Rocket landing GNC. Firstly, it would cover techniques and launch vehicles used in the
industry, before covering trajectory optimisation methods for a rocket landing control system.

* LIT.3: Launch vehicle modelling. This would begin with research models from the literature that
are suitable for this study. After that, higher-fidelity modelling opportunities, such as variable
aerodynamics and fuel sloshing, would be covered.

Research phase I

WP1: Algorithm feasibility study. Following the literature review, an MPO skeleton was chosen due
to the author’s statement [84] on its invariance to hyperparameter choices. The PER buffer was chosen
as the buffer for increased sample efficiency. This provided Level A of the algorithm, to be tested on
the continuous Lunar Lander environment for a functionality test. Afterwards, n-step returns were to be
included to aid policy learning with longer time horizon problems, creating Level B to conduct feasibility
testing, first on the Lunar Lander environment and then on MuJoCo’s more complex inverted pendu-
lum, to assess performance in an environment with more complex dynamics. Finally, Level C aimed
to provide robustness testing on MudoCo'’s inverted pendulum through static parameter perturbations
using Gaussian distributions, and dynamic perturbations via Robust Adversarial Reinforcement Learn-
ing (RARL). Ultimately, the aim was to prove the MPO’s ability to scale to environments with complex
dynamics and disturbances.

Time: 18 working days were assigned, excluding a three-week break over Christmas.

Changes: First, following the literature review, it was recommended to reduce the implementation
complexity by removing RARL. Second, although the authors motivate MPO from its insensitivity
to hyperparameters, it was found to be difficult to set initial hyperparameters. This resulted in
SAC being trialled due to its more straightforward implementation, more proven applications to
continuous control problems and fewer hyperparameters. Moreover, each test environment may
have required independent hyperparameter tuning, while not replicating the flight dynamics or
constraints of the rocket landing problem. Consequently, the decision was made to directly test
the implementation in a reduced-fidelity rocket landing environment, following the Lunar Lander
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problem. The Lunar Lander problem exhibited increasing rewards but did not converge due to
insufficient runtime. This was later solved in WP6 and documented in Section 4.5.

WP2: Primary simulation environment. This WP aimed to build a 6-DoF simulation in stages, grad-
ually increasing the model’s fidelity. First, a low-fidelity implementation was to be built for a 3-DoF
environment, considering a 2D plane (z, y) with only pitch rotation. This would remove roll control from
the problem. Next, actuator dynamics were to be implemented for the rocket, consisting of grid fins,
TVC, and cold-gas thrusters. The atmosphere and gravity models were to be taken from literature for
three environments of the Earth, Mars and the Moon. Finally, the WP incorporated higher-fidelity dy-
namics of a 6-DoF model, fuel sloshing, and variable aerodynamic coefficients. An additional task of
integrating with the RARL’s dynamic disturbances was included too.

Time: 18 working days were assigned for this task, to be ran in parallel with WP3 of verification
and validation.

Changes: The primary struggle of creating the environment was finding realistic parameters and
initial conditions for a feasible and representative rocket landing. Open-source models lacked the
necessary fidelity and the ability to interface easily with a reinforcement learning agent. As such,
a custom environment had to be built, requiring rocket staging and sizing, followed by a mock
ascent trajectory that provided the initial conditions for the first-stage descent. This took a total
of 16 full working days to create the initial environment. Additionally, the ascent reference profile
originally took 4 working days to create, through a non-optimised ascent reference representative
of a reusable launch vehicle’s flight to LEO [7]. Finally, following feedback on the project proposal,
the environment was simplified to only Earth.

WP3: Verification and Validation. The three subtasks were writing a verification and validation plan,
performing verification and performing validation. This WP was to be performed in parallel with WP2.

Changes: Verification and validation were found to be a continual work package throughout the
project, with a formal documentation stage near the end of Research Phase Il. However, in hind-
sight, it would have been best to have documentation run in parallel to all the tasks, too. Moreover,
to validate the sources of failure, the SAC from StableBaselines3 ([105]), a validated implementa-
tion, was used to provide a comparison and showed the same problems of non-convergence as
the original SAC algorithm on the ascent problem, implying the issue was not necessarily tied to the
SAC implementation or inadequate verification. To validate the source of failure, a non-gradient-
based PSSO algorithm was trialled in place of the RL algorithm to tune the parameters of a neural
network. This reduced the problem to the reward function and truncation logic. The end solution
was an additional tool to decouple from gradient-based policy learning. This approach follows the
principle of modular falsification, a form of systemic isolation in which one part is replaced with a
working part to isolate the problem. This helped deduce faults in an unreachable reference in the
reward function and the truncation logic of the ascent phase.

Research Phase II

WP4: Baseline controllers. One of the initial research questions was to determine the feasibility of
mimicking traditional trajectory optimisers through RL, such as lossless convex optimisation and MPC.
MPC was chosen to be mimicked because, in theory, a finite time horizon requires less computation
for a solution. As such, the first step was to validate an MPC for trajectory tracking, before determining
if computational resources were sufficient to mimic it.

Time: 8 days were assigned, with 5 assigned to validate the MPC’s implementation, 1 to determine
feasibility and an extra 2 days to document the work.

Changes: The literature study on which the original project plan was based lacked sufficient in-
formation on the individual flight phases of a rocket during descent. More specifically, objectives,
actuators and operational constraints dependent on each phase were not adequately addressed.
Consequently, WP4 was subdivided due to the need for independent controllers for each phase.
This required 3 days for the ascent phase controllers and then 10 days for the descent controllers,
including one day for incorporating the ACS model. Regarding the mimicking of an MPC, it was
noted how long RL takes. Given the limited computational resources available (Subsection 1.2.2),
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it was deemed too time-intensive to imitate and could be moved to a future work recommendation.

WP5: Agent and environment incorporation. The agent and environment were to be combined, with
a reward function set up to mimic the MPC.

Time: 9 days were assigned, with 5 for the combination, 2 for metric implementation, 2 for additional
verification and validation, and finally 1 day for documentation.

Changes: As WP2 transitioned to directly testing the RL algorithm in a simple environment, these
features were already combined along with metrics, which were required to demonstrate progress
during weekly progress meetings. Additional verification and validation were conducted, taking 17
days, which was significantly longer than initially estimated. Furthermore, supervisory learning of
controllers to kick-start learning was tested as an alternative to apprenticeship imitation learning
of MPC. However, there was limited policy improvement. Furthermore, two days were assigned
to validate a feasible powered descent scenario.

WP6: Experiments. These were divided into three groups:

» Perfect model performance.
* Robustness testing to static and dynamic disturbances.
+ Agent’s adaptability to a higher fidelity model.

Time: 25 days were assigned, with the majority, 16 days, allocated to facilitate the higher-fidelity
model transfer experiments.

Changes: Experiments regarding the powered descent phase were conducted during the final
five weeks, focusing on achieving perfect model performance with higher fidelity features such
as variable aerodynamic coefficients. SAC struggled to learn a policy, as explained in Chapter 2
and Chapter 5, resulting in the PSSO being experimented with, as motivated by literature [20],
[41]. Additionally, a boostback terminal velocity procedure was developed, and a wind disturbance
model was incorporated; however, insufficient time was left, making it infeasible to test them within
the environment.
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A.1.3. Gantt charts

Oct 28, 2024 Nov 4, 2024 Nov 11, 2024 Nov 18, 2024 Nov 25, 2024 Dec 2, 2024
ID TASK START END

11 12 13 14 1518 13 20 21 22|25 26 27 28 29| 2 3 4
miT w t[rimr[w[r][r{m[T]w|[r[F m T][w

Project Kick-Off

1 Compile project options 28-Oct 5-Nov
2 Projection description B6-Nov 7-Nov
3 Kick-Off Meeting 8-Nov 8-Nov I

4 Preliminary research definition ~ 8-Nov 19-Nov

5] Literature study planning 14-Nov ~ 15-Nov

6 Reinforcement learning 19-Nov ~ 25-Nov

v Rocket landing GNC 25-Nov  29-Nov

8 Launch vehicle modelling 28-Nov  3-Dec

9 Literature review 5-Dec 5-Dec .
10 Research proposal B6-Dec 6-Dec .

Figure A.1: Gantt chart from the beginning of the project to the literature review. Showcasing key milestones of the kick-off
meeting, literature review and research proposal hand-in.
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ID TASK START END o e’ “ 8" RI-“ P = ~ g" Py
§ 8 5 5 5|£/38 35 38 £
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1 Workflow setup and literature review 0-Dec 13-Dec

feedback

2 MPO and PER implementation 12-Dec 17-Jan

3 SAC implementation and testing 18-Jan 7-Feb

4 Simple rocket model 18-Jan 22-Jan

5 Ascent reference profile generation 23-Jan 29-Jan

6 Launch vehicle staging 29-Jan 31-Jan

7 SAC vertical rising test 3-Feb 5-Feb

8 Launch vehicle parameter sizing 5-Feb 17-Feb

9 Gravity turn learning trial 18-Feb 28-Feb

10 Mid Term presentation preparation 3-Mar 6-Mar

11 Mid Term Review 7-Mar 10-Mar l

Figure A.2: Gantt chart followed for Research Phase |, finalising with the midterm review.



Al Project Planning

112

TASK

Research Phase Il

StableBaslines3 verification
P50 and GA implementations
Classical controllers for first stage
ascent burn

PS50 and GA NE for first stage
ascent burn

First stage descent classical
controllers and mock references,
excluding final powered descent
phase

ACS preliminary modelling, and
RCS modelling

Supervisory learmn controllers untill
powered descent phase

Immitation learning of controls
through SAC
Formal verification and validation

TD3 implementation

RL algorithm: reward shaping,
normalisation, hyperparameter
tuning and truncation logic.

Landing burn feasibility check
through control systems.

Landing burn supervisory learning
to kick start test

Validated aerodynamics and ACS
model upgrades. Aerodynamic
stability check.

Boostback burn terminal velocity
derivation

Powered descent RL
(experiments, ablation study and
post-processing)

Neurcevalution
Wind model

Documentation (at least 50% of
day)
Thesis first draft

START

END Marech, 2025 April, 2025 May, 2025

17-Mar
18-Mar

21-Mar

24-Mar

31-Mar

T-Apr
14-Apr

17-Apr
17-Apr
28-Apr

30-Apr

G-May

8-May

12-May

15-May

19-May

28-May
29-May
15-May

10-Jun

18-Mar
20-Mar

24-Mar

28-Mar

11-Apr

8-Apr

16-Apr

22-Apr
2B8-Apr
1-May

8-May

8-May

9-May

15-May

16-May

5-Jun

2-Jun
29-May
9-Jun

10-Jun

June,
2025

Figure A.3: Gantt chart followed for Research Phase Il, finalising with a draft thesis submission.
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A.2. Manoeuvrable grid fin model

The local angle of attack is the angle of the grid fin to the perpendicular direction of the flow. Equation A.1
shows the local angle of attack for the left and right grid fins, dependent on the effective angle of attack
(descent angle of attack) and their respective deflection angles. The deflection angles go counter-
clockwise, so an upward right grid fin deflection and a negative left grid fin deflection are positive.

—aprr—0
LR =qeff (A1)

ap, =Qepf — 0

With the angle of attack acting on each grid fin defined, the normal and axial forces can be found from
Figure A.4. First, the axial forces are the same for each grid fin as they are only dependent on Mach
number. Second, the grid fins in the centre of our 2D rocket are only modelled to give axial force, as
the third dimension is not considered.

F,=q-5 -Cy.(M)
Fnp=q-S-Co(M,ar) (A.2)
Fyr=q-S-Cn(M, R)

The freebody diagram of the rocket during descent with grid fins is shown in Figure A.4. From this, the
body frame (x”, y”) forces are derived in Equation A.3.

A

F, fixed

Figure A.4: Aerodynamic Control Surfaces freebody diagram during descent.

FIH ZFa . (sin((SR) — Sin(éL)) — FN,L . COS((SL) + FNR . COS((SR)
Fyr =F, - (24 cos(dr) + cos(0r)) — Fn,r - sin(6r) + Fn,r - sin(dr)

M, =— (dgf —deg) - (Fa - (sin(dg) —sin(dz)) — Fn,r - cos(dr) + Fny, -cos(éR)) (A.3)

+ 7 (Fa - (cos(0r) —cos(dr)) + Fn,r -sin(ér) — Fn L -sin(éL)>
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