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summary

Landing a rocket on Earth is a key factor in enabling quicker and more cost-effective access
to space. However, it poses significant challenges due to the highly uncertain environment.
A robust, reliable, and real-time capable Guidance, Navigation, and Control (GNC) system
is essential to guide the vehicle to the landing site while meeting terminal constraints and
minimizing fuel consumption. Although the landing problem has been extensively studied
using simplified models, this work uses a more complex and uncertain environment, so that
the simulations are closer to the operational scenario. A 6-Degrees Of Freedom (DOF) flight
simulator is developed to account for the strong coupling between translational and rotational
motion. Vehicle and environmental models such as variable Mass, Center of Mass and Inertia
(MCI), winds, and detailed aerodynamics are included. Furthermore, not only thrust magni-
tude and engine deflections are used as controls, but also two sets of aerodynamic fins, as they
are present in real rockets. Finally, initial condition dispersions and uncertainties in dynamics,
navigation, and controls are included, to assess the robustness of the GNC strategy.

This study applies Meta Reinforcement Learning (meta-RL) to the terminal rocket landing
problem. Through repeated interactions between an agent and its environment over multiple
episodes, a Neural Network (NN) develops a policy that maps observed states to control actions.
Unlike traditional methods, meta-RL leverages both current and past observations to output
the optimal action, enhancing the robustness of the policy. Recurrent Neural Networks (RNNs)
like Long-Short Term Memory (LSTM), are commonly used in meta-RL for their ability to
handle sequential data. However, this thesis investigates also the use of attention-based Gated
Transformer XL (GTrXL) networks, which are promising to improve the solution accuracy.
Similar attention-based networks are employed in Large Language Models, like ChatGPT,
where they have shown excellent performance in learning long-range dependencies in sequences.

This research confirms this hypothesis, demonstrating that the GTrXL-based policy signif-
icantly outperforms the LSTM-based one. This policy is also less sensitive to internal hyperpa-
rameters, provided that the NN has a sufficient number of weights and biases to capture all the
relevant features. The results indicate that incorporating complex vehicle and environmental
models, along with dispersed initial conditions, aerodynamic and wind uncertainties, naviga-
tion and control errors, and actuator deflection rate constraints into the training process, yields
a robust GTrXL-based policy. This guidance policy is able to meet terminal constraints on
position, horizontal velocity, vertical angle, and angular rates in 1000/1000 simulations. The
only exception is the vertical velocity which is exceeded on average by only 2-3 m/s, depending
on the network’s hyperparameters chosen. Including a thrust rate constraint mitigates this is-
sue, reducing the average violation to 1 m/s. Finally, developing a terminal patch to increase
the thrust magnitude in the last few meters before touchdown completely eliminates the ver-
tical velocity issue, producing a 100% success rate, with all the Monte Carlo runs meeting all
the terminal constraints. Moreover, the NN produces a solution in about 6 ms, showing great
potential for its real-time use. The results are consistently superior to those of a conventional
Guidance and Control (G&C) strategy where a Linear Quadratic Regulator (LQR) controller
tracks an optimal trajectory, consuming only 6% more fuel.

Recommendations for future work include improving the reward function to better handle
the vertical velocity constraint, and penalizing control effort to have smoother Thrust Vector
Control (TVC) and fins control profiles. It is also suggested to expand the simulation scenario,
including the unpowered aerodynamic descent.
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Introduction

1.1. Background Information

Early landing missions aimed to achieve a soft touchdown without destroying the vehicle.
After succeeding in that, the focus shifted to improving landing precision and optimizing fuel
consumption. Engineers developed various techniques to reduce landing dispersion and enhance
fuel efficiency across different mission environments, while also addressing the challenges posed
by environmental uncertainties, such as atmospheric conditions and wind effects.

This thesis focuses on the terminal atmospheric powered landing, in an Earth-like envi-
ronment. It can be the last stage of the Entry, Descent, and Landing (EDL) sequence. For
instance, for booster recoveries like the Falcon 9, the flight involves a suborbital atmospheric
re-entry, an aerodynamic descent using fins, and a final engine burn for a controlled precise
touchdown. The terminal powered landing starts in the last few kilometers above the landing
site and it terminates at touchdown. Thrust magnitude, engine deflections, and fins are the
control means used to correctly guide the rocket. Landing in an atmosphere is much more
complex than on an airless body due to non-linear aerodynamic forces, requiring perfect coor-
dination of thrust, fins, position, velocity, and attitude for an accurate touchdown (Sagliano
et al., 2021a). The GNC system must be able to compensate for errors and drive the vehicle to
the predetermined landing conditions. It is fundamental to account for all the interactions be-
tween the state variables because, at such low velocity, the translational and rotational motion
are highly coupled. Hence, it is essential to correctly model the 6-DOF flight dynamics.

To achieve a precise pinpoint landing, the vehicle must have an extremely high terminal
accuracy, while minimizing fuel consumption to avoid lowering payload mass. A Reusable
Launch Vehicle (RLV) landing on Earth, should reduce errors on position (and velocity) within
a few meters (and meters per second) while keeping the attitude (and angular velocities) within
prescribed ranges to avoid tip-over right after touchdown. Achieving these goals in a dynamic
and uncertain environment presents significant challenges to landing accuracy. Factors, like
dispersed initial conditions, atmospheric characteristics, and navigation and control errors, are
inherently uncertain and not precisely known in advance. The guidance system must be robust
enough to handle these uncertainties.

Various methods are developed to enhance the robustness of landing guidance algorithms
against uncertainties. One approach involves tracking an offline-generated optimal trajectory
with a closed-loop controller (Wang, 2024), but this method struggles with large uncertainties
and requires recalculating the trajectory if deviations occur. Real-time closed-loop guidance
effectively addresses disturbances. Convex optimization methods enable real-time trajectory
generation within the control loop, regularly updating guidance commands during flight (Sz-
muk et al., 2020). However, maintaining high-frequency updates usually requires assumptions
and simplifications, potentially reducing accuracy.



2 Chapter 1. Introduction

Over the last decade, the use of Machine Learning (ML) has experienced a rapid surge in
many scientific fields, including the space sector. NNs are particularly effective as function ap-
proximators for complex, nonlinear functions and they are capable of handling vast amounts of
data. They have been successfully applied in space guidance algorithms, to discover patterns
and generate optimal actions, generalizing and adapting to different, yet similar, situations.
From Supervised Learning (SL) (Sanchez-Sanchez and Izzo, 2018) to Reinforcement Learn-
ing (RL) (Gaudet et al., 2020b; Federici and Furfaro, 2024; Rosa et al., 2023), many methods
were employed in different uncertain scenarios, showing performance comparable to traditional
guidance algorithms and offering increased robustness to disturbances and uncertainties. Fur-
thermore, during their real-time deployment, they are computationally light, enabling a much
higher update frequency, without the need for any simplification and assumption in the problem.
These Artificial Intelligence (AI) approaches are very promising, thanks to rapid advancements
in ML algorithms and models. This thesis addresses the strengths and weaknesses of different
methods to identify the most suitable technique for increasing robustness to uncertainties.

However, ML applications in rocket landing often use low-fidelity models that lack realism,
typically employing only thrust magnitude and engine deflections as controls, without consid-
ering rate constraints or 6-DOF dynamics. Many studies simplify (or neglect) aerodynamics
and often exclude factors like winds or variable mass, resulting in overly simplistic vehicle
models, far from a realistic scenario. This research aims to apply innovative ML techniques to
a complex 6-DOF rocket landing problem on Earth, incorporating thrust, TVC, aerodynamic
fins, angular rate constraints, detailed aerodynamics, randomized wind profiles, and variable
mass models for greater realism, to reduce the simulation-reality gap.

The results obtained with these innovative techniques are compared with a conventional
method that consists of an optimal trajectory generated with direct optimization methods and
tracked with an LQR controller. This is a typical implicit guidance method, with a trajectory
pre-generated offline considering a nominal unperturbed scenario. Then, the controller is
synthesized to cope with dispersed initial conditions and perturbed dynamics.

Finally, different Monte Carlo campaigns are run, comparing the RL and the conventional
G&C strategies, to understand how the two perform in such a complex, uncertain scenario.

1.2. Problem Statement
Landing on Earth presents significant challenges due to complex dynamics and atmospheric
uncertainties that affect the vehicle’s motion. Conventional guidance algorithms that have
addressed these disturbances often rely on simplifications due to limited computational power.
This research aims to develop a robust, adaptable guidance system for powered landings that
can operate in real-time, handling environmental uncertainties, dispersed initial conditions,
and achieving pinpoint landings, while minimizing fuel consumption. Given their success in
data-intensive tasks, ML algorithms are promising candidates for this purpose. Their intrinsic
ability to generalize policies may be a cornerstone to increase the robustness of powered landing
guidance systems.

This thesis explores and tests ML techniques in a realistic 6-DOF scenario with high-fidelity
models and uncertainties to evaluate their performance in conditions similar to an operational
rocket landing scenario on Earth.

1.2.1. Research question
Based on the discussed challenges, goals, and problem statement, the aspects on which this
research focuses are defined. Thus, the main research question is:

How can Machine Learning improve the robustness of a guidance system with real-time
capability, for the powered landing phase in an uncertain (atmospheric) environment?
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The main research question is then broken down into multiple subquestions that are addressed
during the thesis, in a, more or less, chronological order.

o [RQ 1] What is the best Machine Learning method to be used in a guidance
system for an atmospheric powered landing mission scenario?

o [RQ 2] How can the training process of a Machine Learning algorithm be
improved for a rocket landing guidance system?

+ [RQ 3] How accurate is the performance of the developed guidance system in
terms of mass consumption and terminal pose?

+ [RQ 4] How does the Machine Learning-based guidance system perform com-
pared to the state-of-the-art solutions in a strongly perturbed environment?

1.3. Report Overview

The work developed in this report is spread across multiple chapters. Chapter 2 gives an
overview of past missions and methodologies, focusing also on the definition of the mission,
vehicle, and requirements of this thesis. Chapter 3 introduces the flight dynamics and envi-
ronment models used in this work, while Chapter 4 explains the theory behind RL and NNs.
Chapter 5 presents the verification of the 6-DOF flight simulator and the models’ choices. The
results of the conventional feedback guidance and control are outlined in Chapter 6, where
the optimal trajectory generation is explained, as well as the LQR controller synthesis and
tuning. The chapter also illustrates the results from two closed-loop Monte Carlo campaigns,
with two different controller architectures. Chapter 7 describes the development and imple-
mentation of the meta-RL-based guidance and control strategy. Several policies with different
hyperparameters, constraints, or formulations are explained and presented. The results are an-
alyzed, comparing the performances between the different cases, to understand the strengths
and weaknesses of such an approach. Finally, conclusions are drawn in Chapter 8, with the
lessons learned from the work performed and recommendations for future possible extensions.
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Section 2.1 gives an overview of methodologies and previously flown missions that attempted
powered landing on Mars and Earth. Then, in Section 2.2 the main challenges related to
precision landing in atmospheric environments are presented and explained. Section 2.3 gives
an overview of the progress of guidance algorithms, from the first analytical implementations
to the current state-of-the-art and future perspectives. In Sections 2.4 and 2.5 the reference
vehicle and the mission scenario used in this manuscript are presented, respectively. Finally,
Section 2.6 concludes the chapter with the introduction of the system and mission requirements
that have to be fulfilled by the G&C strategy.

2.1. Powered Descent and Landing History

Landing on the surface of planets or moons has always been one of the primary goals of space
exploration of the Solar System, to get additional measurements and insight. Moreover, with
the start of the new space race in the 21st century, the paradigm shift to reusability has made
a big change in the launch vehicles market. New designs include rockets able to return and
land on Earth, before being launched again, reducing the cost of access to space.

So far, man-made objects reached the surface of a few planetary bodies, namely Earth,
Moon, Mars, Venus, and Titan. The first successful powered landing took place on the Moon
on February 3, 1966, with the Soviet mission Luna 9. On July 20, 1969, as part of the Apollo
11 mission, the Lunar Module "Eagle” landed on the surface of the Moon, achieving the first
crewed landing. On Titan, reached by the European probe Huygens in 2005, and Venus, where
the Russian Venera 7 set foot in 1970, no powered descent was executed, but parachutes and
drag plates were used, given their high-density atmospheres. Furthermore, a spacecraft landed
on a comet during the European Space Agency (ESA) Rosetta mission, and some "touch and
go” have been performed on the surface of some asteroids. Samples have been collected from
Itokawa, Ryugu, and Bennu, and brought back to Earth, in the Japanese missions Hayabusa,
Hayabusa2, and the American Osiris-REx.

Among the future planned landing missions, there are Artemis on the Moon, ExoMars on
Mars, MMX on its moon Phobos, DAVINCI on Venus, and Dragonfly on Titan.

This work focuses on atmospheric Earth-like landing, but the achievement of landing a
rocket derives also from missions done in similar environments, such as the Martian one.

Mars

Mars exploration started during the first Space Race. After a few failures, on December 2,
1971, Union of Soviet Socialist Republics (USSR) became the first country to land on the Red
Planet, with the mission Mars 3. In 1976, the United States of America (USA) landed the
missions Viking 1 and 2. For the following 45 years, the Americans were the only ones reaching

5
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Mars’ surface with multiple rovers, such as Mars Pathfinder (1997), Spirit and Opportunity
(2004), Phoenix (2008), Curiosity (2012), InSight (2018), and Perseverance (2021).

These missions present a strong EDL heritage from Viking missions, such as the use of an
ablative heat shield and a disk-gap-band parachute, with only slight modifications from the
original ones used in 1976. The main differences are related to the type of entry trajectory,
which can be lifting or ballistic, depending on whether the vehicle creates lift flying at an
angle of attack. In guided entries, a guidance law modulates the bank angle to rotate the lift
vector around the velocity vector, to steer the vehicle and increase landing precision. Moreover,
terminal landing systems have evolved from propulsive gravity turns to airbags and sky cranes
to increase the payload mass and to make the landing mechanism robust to inclined, rocky
surfaces, and lateral winds. Mars 2020, after a guided entry, featured the use of Terrain
Relative Navigation (TRN) algorithms, to divert in case of medium or large hazards (Nelessen
et al., 2019), introducing the possibility of accessing more interesting, but risky, landing sites.
The combination of guided entries and more advanced terminal landing guidance systems has
increased the precision, reducing the landing dispersion ellipse.

Several failed missions, such as Mars 96 (Russia), Mars Polar Lander (National Aero-
nautics and Space Administration (NASA)), and Schiaparelli (ESA), proved the difficulties of
descending into an uncertain atmosphere and landing on hazardous terrain. Many missions are
planned for the next decades, such as the fascinating NASA-ESA Mars Sample Return, which
includes a precise landing, before ascending again from Mars’ surface, bringing soil samples
back to Earth, to study the possibility of present or past form of life on the Red Planet.

Earth
Initial reusability concepts were conceived for horizontal landing on a runway, such as the
US-made Space Shuttle, the first reusable orbital spaceplane. It achieved its first orbital flight
and landing on April 12 and 14, 1981. It has become one of the most famous, but controversial,
icons of the American spaceflight, achieving 133 successful flights and two disastrous failures.
USSR developed the Buran, a similar reusable spaceplane, which only flew and landed once.

The idea of Vertical Takeoff Vertical Landing (VITVL) launch vehicle has found much
interest in the rocket scientists community. Landing rockets, to reuse them again, allows faster
and cheaper access to space, enhancing space exploration.

The first prototype that came to light was the McDonnell Douglas DC-X. On August
18, 1993, it executed a 100 m hop, achieving the first vertical Earth landing. Unfortunately, in
1996, NASA abandoned funding the project after a single failed test.

In 2006 Blue Origin started the development of VI'VL vehicles, which ultimately led to
the creation of New Shepard, a reusable suborbital booster that first flew on November 23,
2015. It flies above the Karman Line, before landing on a pad a few km far from the launch site.
It is also human-rated, carrying a capsule that is released at around the apogee. So far it has
completed 24 landings. Concurrently, NASA funded studies for landing guidance algorithms,
carried out on the Masten Xombie vehicle and the Morpheus Lander (Scharf et al., 2017).

From 2012 onward, SpaceX started developing a test vehicle to create powered descent
and landing technologies. This demonstrator, called Grasshopper, reached a peak altitude of
744 m during test flights. Eventually, this technology enabled Falcon 9 first stage to achieve
the first successful vertical landing on December 21, 2015, becoming the world’s first orbital
class reusable rocket. So far, more than 350 successful landings of Falcon 9 first stages have
been performed, with about 300 reflights. This rocket has an impressive record of reliability,
allowing up to 23 reuses of a single booster, so far. Reused stages have also been used to fly
humans to the International Space Station (ISS). The Falcon 9 first stage, after the ascent
phase and stage separation, performs a precise landing on an autonomous drone ship or at the
original launchpad (Fig. 2.1(b)). It reignites its engines twice: for the entry burn and for the



2.2. Precision atmospheric landing challenges 7

p G e |

PAYLOAD SEPARATION
- B
FAIRING SEPARATION P
L
=

GRID FINS DEPLOY
FLIP MANEUVER p —

N

/ ASCENT

AERODYNAMIC GUIDANCE

VERTICAL LANDING
LAUNCH

AUTONOMOUS DRONESHIP LANDING

(a) Past, current and future landing vehicles:
Space Shuttle (Tony Landis, NASA, 2007), Falcon
9 (SpaceX, 2017), CALLISTO (DLR), Starship (b) Falcon 9 mission trajectory (SpaceX, b).
(SpaceX, 2023).

Figure 2.1: Example of Earth landing vehicles and rocket landing mission.

landing burn at a couple of km of altitude. It is equipped with hypersonic titanium grid fins,
which control the aerodynamic unpowered descent phase to enable precise landing.

SpaceX is also developing Starship, a heavy-lift two-stage fully reusable rocket, with
both stages capable of vertical landing. Test flights in 2023 and 2024 made it the world’s
most powerful rocket and demonstrated its ability to (partially) successfully land both stages.
Similarly, Blue Origin is developing New Glenn, a reusable heavy-lift rocket.

Outside of the US, interest for RLVs grew both in Europe and Asia. Already in 1999,
the Japanese Aerospace Exploration Agency (JAXA) started the Reusable Vehicle Testing
campaign, based on a model of the DC-XA (JAXA, 2007). In Europe, Deutsches Zentrum fiir
Luft und Raumfahrt (DLR) and Centre National d’Etudes Spatiales (CNES), developed small
demonstrators to test GNC algorithms for autonomous vertical landing, called EAGLE (Dumke
et al., 2020) and FROG (Ferlin, M., 2022), respectively. More recently, JAXA, DLR, and CNES
have joined forces to develop CALLISTO, a reusable first stage, that will be launched from
the Guiana Space Center (Dumont et al., 2021). The goal is to demonstrate the ascent flight
and the aerodynamic and powered landing of a 40-kN class booster. (Sagliano et al., 2019,
2023). Concurrently, ESA funded the Themis program, to develop a reusable booster using
the 1000-kN Prometheus engine, to create and validate the technologies for a future reusable
Ariane rocket. The EU funded the investigation of launchers’ reusability for RETALT 1 and 2:
a first-stage booster and a single stage to orbit fully reusable vehicle (Marwege et al., 2022).

To summarize, the rocket industry is shifting towards the paradigm of reusability, which
is the key for future launchers development, allowing for cheaper, faster, and more flexible
missions. Some past, current and future vehicles are illustrated in Fig. 2.1(a).

2.2. Precision atmospheric landing challenges

Successfully landing a rocket is a complex challenge that requires coordination across multiple

phases. Understanding the key variables is essential for addressing precision landing issues.
When a vehicle returns from orbit, it initially dissipates a large amount of energy through

aerodynamic drag, inducing extreme thermo-mechanical loads, necessitating ablative heat

shields (Launius and Jenkins, 2012). Such challenging conditions are typical for capsules
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like Apollo and Dragon, but much less for suborbital boosters like Falcon 9. In the terminal
landing phase, at lower velocities, the focus is shifted towards different aspects, such as:

e Challenging environment

e Small margins

o Navigation uncertainties

e Vehicle modeling inaccuracy

e Control actuation

¢ Initial uncertainty distribution
e Automated G&C

Bodies with atmospheres present environmental challenges due to their variable properties.
On Mars, the thin atmosphere has minimal impact on aerodynamic forces, while on Earth,
they are significant. However, the atmosphere is not perfectly known, leading to density
uncertainties that can affect flight success. Turbulence and gusts add unpredictability, with
Earth’s winds at 5 km reaching 40 km/h (McDonough, 1970). The vehicle’s low velocity makes
wind influence considerable, inducing parasitic moments (Blackmore, 2016). Given all these
uncertainties, it is impossible to exactly replicate online a pre-generated nominal trajectory,
but they have to be compensated in real-time, with a proper GNC algorithm.

In space missions, propellant mass is minimized to maximize payload, leaving very small
margins. Hence, the first landing attempt must be a success, because there is no fuel for a
second chance. Hovering is also avoided due to its large propellant consumption and the high
inefficiency of low throttling levels of rocket engines (Blackmore, 2016). The GNC system must
ensure an exact engine cutoff at touchdown because an early shutdown would make the vehicle
free fall, while a late one would induce a too large residual landing velocity.

The navigation is crucial for any mission, combining multiple sensors to estimate the
states of the spacecraft, needed to compute its trajectory. Unlike other planetary bodies, on
Earth, the navigation precision is strongly improved by the use of Global Navigation Satel-
lite System (GNSS) receivers (Kruger et al., 2021). For instance, in landing missions, such
as CALLISTO (Schwarz et al., 2019), a combination of Inertial Measurement Units (IMUs),
precise GNSS receivers and radar altimeters is used to enhance the estimation. However, the
estimated state is not the real one, and the GNC system should be able to cope with it.

Between the nominal and the real-world scenario there is a certain gap, due to the as-
sumptions and accuracy in the modeling of the vehicle and environment. For example,
simplified models are typically used for aerodynamics, with errors on extrapolated coefficients
even above 15% (Sagliano et al., 2022). This leads to slightly different acceleration sensed by
the real vehicle with respect to simulations. All these aspects have to be considered during
mission design, and the robustness of the GNC system to these assumptions has to be assessed.
For example, Monte Carlo campaigns can be used to check the mission success a posteriori.

Another typical challenge in space missions is to ensure that the GNC system performs
adequately, even when the actual controls executed by the actuators are slightly different from
the commanded ones, due to hardware imperfection or unmodeled effects.

The landing phase is the terminal part of the flight. However, since during previous phases
the uncertainties accumulate, the initial states of the landing stage can vary inside a hypercube
bounded by some a priori expected values. Accordingly, the GNC system should be able to
land the vehicle from any of the possible uncertain initial states.

A rocket must be able to adjust its trajectory using a real-time automated GINC algo-
rithm, periodically correcting for all the uncertainties and disturbances. The computational
time must be small enough to run on the onboard computer, updating the trajectory with a
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relatively high frequency. For example, guidance systems typically run at 10 Hz (Simplicio
et al., 2020), implying that the algorithm should execute in a few milliseconds.

From the previous points, it stands out that the GNC system is one of the most critical
and stressed components, requiring robust design to handle various uncertainties and initial
conditions within a limited time frame. This work focuses on Guidance and Control, which
generates optimal trajectories and commands control actions. Since the G&C system operates
in a closed-loop with navigation, any errors in navigation estimates can propagate through the
system, potentially leading to mission failure. Furthermore, the G&C system must be robust
to uncertainties in both the vehicle and environment to prevent error accumulation (Steinfeldt
et al., 2010). The mission’s success depends on meeting constraints on terminal state variables
such as position, velocity, attitude, and angular rates.

The 6-DOF formulation is essential for accurately capturing the complex dynamics of the
landing phase. The combination of high thrust, frequent maneuvers, and low velocity cause
coupling between translational and rotational motion (Simplicio et al.; 2020). This coupling
necessitates a 6-DOF approach to ensure realistic interaction of lateral forces generated by
attitude control moments, and vice versa. Additionally, attitude and angular rates constraints
require full 6-DOF modeling. The 3-DOF approach, which assumes perfect attitude control,
overestimates system performance and ignores inertial effects. Hence, a 6-DOF framework
simulates a more accurate and realistic scenario, correctly modeling large, rapid attitude ma-
neuvers where interactions between guidance and control are considerable.

2.3. Precision Landing Guidance methods
The GNC system shall be able to cope with dispersed initial conditions and uncertainties to
drive the vehicle to the landing target, in an optimal way. Concurrently, it must satisfy path
and terminal constraints, in a robust way (Song et al., 2020).

Guidance algorithms for pinpoint landing have become a very important research focus in
the last decades, with innovative solutions driven by mathematical development and computa-
tional advances. Two types of guidance algorithms can be identified:

» Open-loop guidance, also known as implicit guidance (Simplicio et al., 2018), relies
on a pre-computed reference trajectory and controls profile generated beforehand, based
on mission analysis considerations and stored in lookup tables. Generating these solutions
is slow, hence, they are created offline due to restricted onboard computational capability.

e Closed-loop guidance, also known as explicit guidance, refers to the methods where
reference trajectory and thrust profile are computed in real-time, based on navigation
onboard measurements, to correct the trajectory in a closed-loop way.

2.3.1. Analytical Guidance methods
The first guidance algorithm, developed for the Apollo Lunar Module, is an open loop polyno-
mial solution to a boundary value problem. Given the terminal states, the thrust acceleration
is computed, based on a quadratic function of time (Klumpp, 1974). It has many simplifica-
tions to derive an analytical expression, such as constant gravity and fixed end-of-mission time.
This algorithm is unable to account for constraints and does not provide an optimal solution,
as it does not minimize any cost function. It was adopted due to its simplicity and limited
computational power. Similarly, the entry guidance of Mars Science Laboratory (MSL) uses
an analytical formulation to correct for down and crossrange errors using bank reversals, based
on the Apollo Command Module guidance (Mendeck and Craig, 2011).

In parallel to real-world missions, a significant advancement in the field was the use of
Optimal Control strategies to minimize energy, fuel consumption, or time of flight, aiming for
more efficient solutions. One early solution was the analytic, unconstrained energy-optimal one
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identified by D’Souza (1997), where the weighted sum of final time and integrated quadratic
acceleration is minimized. However, it involves only translational motion, path constraints
cannot be enforced, and simplifications, such as constant gravity, are introduced.

Similarly, another analytical guidance law, without imposing any path constraints, is the
Constrained Terminal Velocity Guidance (CTVG), where a closed-form solution is obtained,
by assuming a constant gravity field (Guo et al., 2012). This solution is a function of time to
go and of Zero-Error-Miss (ZEM) and Zero-Error-Velocity (ZEV), which represent the position
and velocity error at the end-of-mission, if no corrective maneuvers are made after time .

2.3.2. Computational and Al-based Guidance methods

The challenge of implementing advanced guidance methods has historically been the compu-
tational burden of solving optimal problems with state and control constraints in real time.
However, recent mathematical developments combined with advances in computational power
have led to the rise of Computational Guidance and Control (Tsiotras and Mesbah, 2017). This
field focuses on developing methodologies for on-board, closed-loop solutions. These advances
enabled the successful landings of reusable rockets like Falcon 9 and New Shepard. The in-
creasing use of Al and ML has further driven studies on using neural networks to develop
robust G&C policies. In the following paragraphs, recent studies and advances in the field of
computational and Al-based guidance are presented.

Indirect and Direct methods

Optimal trajectories are typically generated by solving the Optimal Control Problem (OCP),
which involves minimizing a cost function, such as fuel consumption, time, energy, or control
effort while respecting the dynamics equations of motion and a set of constraints on states,
controls, and boundary conditions. These problems are often complex due to the differential
equations governing the dynamics and the numerous equality and inequality constraints in-
volved. As a result, except for simple cases, rocket landing OCPs generally require numerical
methods for their solutions. These methods fall into two main categories (Rao, 2010):

¢ Indirect methods: These methods are applications of calculus of variation and Pon-
tryagin’s Minimum Principle to determine the set of differential equations that represent
the necessary optimality conditions of the OCP (Von Stryk and Bulirsch, 1992). These
conditions are usually derived using the Hamiltonian (), which is the sum of the La-
grangian (L) of the system, the costates (A) multiplied by the dynamics (f) and the
product of the path constraints (g) and their Lagrange multipliers (u) :

Hx N pou,t) =L+ ATF—plg (2.1)

where x, u, t are the states, control variables and time. Finally, the necessary conditions
of optimality on initial and final costates are called transverality conditions. Indirect
shootings or indirect collocation methods belong to this group. Hence, indirect methods
convert the OCP to a Two Point Boundary Value Problem (TPBVP), based on the initial
and final conditions, and subject to a set of path constraints. While the necessary opti-
mality conditions guarantee a highly accurate solution, their derivation can be complex,
and, above all, the convergence strongly depends on the selection of the initial guess.

e Direct methods: These methods consist in the transcription of an infinite-dimensional
OCP to a finite dimensional Non Linear Programming (NLP) problem (Von Stryk and
Bulirsch, 1992). They minimize a scalar function, dependent on a finite number of pa-
rameters while respecting a set of nonlinear constraints. The states and controls are
discretized over time to turn the problem into a parametric optimization problem. The
advantage is to avoid the complex derivation of necessary conditions (Betts, 2010). They
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present a straightforward implementation and good convergence, but the computational
time scales with the number of discretization variables, making them unable to meet the
computational requirements of real-time trajectory updates. Some of the direct methods
are the direct collocation methods or pseudospectral methods. The latter ones provide
spectral (quasi-exponential) convergence of the NLP solution to the OCP solution when
the number of nodes employed is increased (Sagliano, 2018).

e Hybrid methods: Their objective is to maximize the strength of both methods, such
as using a direct method, less prone to the initial guess sensitivity, to feed an indirect
method, and get a very accurate solution (Bulirsch et al. (1993); Spada et al. (2023)).

Implicit Computational Guidance methods

Implicit guidance methods encompass both indirect and direct formulations. Indirect methods
are harder to converge but lead to an optimal solution, while direct ones offer a discretized
version of the continuous-time problem, but with a better convergence.

Among the direct methods SPARTAN is a pseudospectral NLP tool developed at DLR that
transcribe multi-phase OCP to efficient finite-dimensional representation using pseudospectral
methods (Sagliano, 2014; Huneker et al., 2015; Sagliano, 2016; Sagliano et al., 2021b).

GPOPS, GPOPS-II, and CGPOPS are direct algorithms developed at the University of
Florida, presenting increasing accuracy and complexity. They include a Legendre-Gauss-Radau
quadrature collocation method and hp-adaptive mesh refinement methods to transcribe the
continuous OCP to large sparse NLP Patterson and Rao (2014).

ICLOCS2 is an optimal control software for direct methods, developed within the Imperial
College of London, equipped with state-of-the-art transcription methods to transform the OCP
into large NLP with sparsity patterns, solved using direct collocation methods (Nie et al., 2018).

The resulting NLP can be solved with an off-the-shelf solver, such as IPOPT or SNOPT.

Explicit Computational Guidance methods

Explicit guidance methods optimize trajectories online, in a closed-loop manner, given the navi-
gation states. The onboard guidance algorithm should quickly converge to an accurate solution,
within strict computational limits, as it recalculates the solution every tens of milliseconds.

Inspired by the indirect guidance system for launch vehicle ascent (Lu et al., 2012), a
propellant-optimal powered descent guidance has been developed by Lu (2018). It uses an
indirect method to compute the fuel optimal trajectory for a Mars landing, finding out that a
bang-bang thrust profile with no more than two switches between upper and lower boundaries
is optimal. This method provides the optimal burn time, but it does not enforce inequality con-
straints. Furthermore, it does not theoretically guarantee convergence, and some assumptions
are made, such as the constant gravity field and the absence of aerodynamics.

The advent of Convex Optimization marked a paradigm shift, introducing a class of meth-
ods that enables the computation of real-time optimal solutions.

Convex optimization problems minimize a convex objective function, handling convex con-
straints. While no analytical solution exists, efficient numerical methods such as the Interior-
Point methods are used to solve them (Boyd and Vandenberghe, 2004). Unlike NLPs, where
iterations grow indefinitely, convex problems have a deterministic bound on computational
power (Malyuta et al., 2022). Additionally, they are less dependent on the initial guess, as con-
vexity ensures the convergence of all solutions to the minimum of the convex set. Unfortunately,
many aerospace problems, including powered landing, are non-convex and cannot be directly
solved with convex optimization. Nevertheless, different techniques have been developed to
convert some of the non-convex states and constraints into convex formulations.

The first one introduced is the so-called LossLess convexification (LCvx) that relaxes
certain non-convex constraints into a convex form, ensuring the relaxed problem’s optimal
solution matches the original problem, using Pontryagin’s Minimum Principle (A¢ikmese and
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Blackmore, 2011). It was first introduced by Acikmese and Ploen (2007) and Blackmore et al.
(2012), applying it to the 3-DOF fuel optimal pinpoint powered landing on Mars. The term
lossless refers to the fact that no part of the feasible space of the original problem is removed
in the convexification process (Blackmore et al.; 2012). However, LCvx applies only to some
specific problems since not all the sources of non-convexity can be convexified.

This algorithm is at the core of the Guidance for Fuel-Optimal Large Diverts (G-FOLD)
software, which was the first guidance algorithm based on convex optimization to be used in
test flights on the VI'VL Xombie vehicle (Acikmese et al.). It computed real-time fuel-optimal
trajectory that satisfies descent constraints and enforces terminal location (Scharf et al.; 2017).

Since only a narrow range of problems can be solved with the LCvx, a solution is to ap-
ply Sequential Convexification (SCvx). It iteratively solves convex optimization subproblems,
starting from a possibly infeasible initial guess and using local linearization around a reference
trajectory to remove the non-convexities, until the solution is satisfactory.

The SCvx method was initially applied to a 3-DOF formulation (Szmuk et al., 2016).
Then, a 6-DOF solution was formulated to account for attitude constraints and interactions
between translational and rotational motion (Szmuk et al.,; 2017). On top of this, Szmuk and
Acikmese (2018) introduced free final time variable. Ultimately, Szmuk et al. (2020) included
also atmospheric drag, angular rates, and state-triggered constraints. While the complexity
of the problem is increased, the solution accuracy and runtime constraints are still met. The
algorithm was also tested onboard a New Shepard flight (Bieniawski et al., 2022).

Although yet undisclosed by SpaceX, convex optimization methods, either lossless or se-
quential, are used onboard Falcon 9 for the powered landing guidance (Malyuta et al.; 2022).

Combining convex optimization and pseudospectral optimal control, Sagliano (2018) has
proposed a novel Sequential Pseudospectral Convex Programming (SPCP) method. It offers
accurate solutions through pseudospectral operators, and real-time capabilities, thanks to the
convex optimization convergence properties. Sagliano et al. (2024a) presents five formulations
of the powered landing problem, with increasing levels of complexity, from only the thrust
vector as control input to an aero-propulsive landing, closer to the CALLISTO operational
scenario.

All the mentioned works consider only the thrust vector as guidance output. Nevertheless,
for descent and landing within Earth’s atmosphere, aerodynamics is one of the predominant
forces, and aerodynamic surfaces, such as fins, are typically used to control the vehicle. Since
the accuracy of the powered landing phase depends on the dispersions of the previous aerody-
namic descent, it can be formulated as a multi-phase problem.

Sagliano et al. (2021a) separated the EDL phases by using SPCP, based on the explicit
separation of convex and non-convex terms in the computation of the solution. The aerody-
namic descent is controlled only by the aerodynamic fins, while during the powered landing
the TVC manages the translational motion, with the fins trimming the vehicle. In 6-DOF
landing (Sagliano et al., 2024¢) and entry scenarios (Sagliano et al., 2024b), SPCP-techniques
are combined with augmented convex-concave decomposition to deal with nonlinear equality
constraints and discrete decision-making without using dedicated solvers.

In Lee and Lee (2022), SCvx and direct optimization are used to successfully tackle a multi-
phase optimization problem, considering the guidance of aerodynamic descent and powered
landing simultaneously. The problem is formulated as 6-DOF so that aerodynamic fins and
thrust vector can alter both the translational and rotational motion of the vehicle.

In Simplicio et al. (2020) and De Oliveira and Lavagna (2023), only the thrust vector is
considered in the guidance strategy, using CTVG and SCvx, respectively. Afterward, in the
control loop, the control authority is allocated between TVC and fins, first considering a single
effector and, using a second one only if some additional control moment is needed.
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Al-driven Guidance methods

With the recent growing interest in AI and ML for space applications, their use in powered
landing guidance is being explored. These methods are attractive because the NNs can learn
policies able to generalize across multiple tasks. Compared to the lengthy implicit methods,
NNs enable real-time guidance with rapid computations, taking just a few milliseconds for
matrix operations. They are also faster than convex optimization methods because NNs do
not solve an optimization problem online, but they represent a function approximating the
mapping between states and controls. Compared to convex optimization where simplifications
are introduced to reduce the computational time to meet real-time requirements, RL can use
very accurate and complex models to replicate reality. The computational burden due to more
sophisticated models is only in the training, not affecting the real-time performance. Several
surveys have explored recent advances in the field (Tipaldi et al., 2022; Shirobokov et al., 2021;
Silvestrini and Lavagna, 2022; Izzo et al., 2019).

In the first place, Supervised Machine Learning, in the form of imitation learning,
has been applied by Sanchez-Sanchez and Izzo (2018), where NNs are successfully trained to
represent the solution to the Hamilton-Jacobi-Bellmann equation for different pinpoint landing
scenarios. Therefore, the ESA Advanced Concept Team coined the term "G&CNETS”, referring
to the application of ML techniques in Guidance and Control. In imitation learning, the
network learns to replicate a set of optimal control trajectories generated offline.

Imitation learning is also used to learn an approximate states-controls mapping policy to
warm start optimization methods, increasing their convergence speed. Cheng et al. (2020) use
a fully connected network to approximate the costates to supply a good initial guess, achieving
a high success rate of the indirect shooting method, applied to asteroid landings.

SL efficiently classifies data but it is inherently limited by its training set, preventing
the learned policy from generalizing to unforeseen scenarios. Since it learns to imitate pre-
generated trajectories, the guidance policy is tied to the accuracy of the underlying dynamic
models. This dependency can undermine the policy’s effectiveness in real-world situations if
any incorrect assumptions, uncertainties, or unmodeled dynamics are present in the training.
Finally, offline generation of trajectories with Optimal Control solvers is very time-consuming.

To enhance the robustness and adaptability of the guidance system, Reinforcement
Learning is employed due to its ability to generalize. Instead of learning from data, the
guidance strategy is learned from experiences, which consist of simulated interactions between
an agent and its environment, receiving rewards or penalties based on the goodness of its action.
By generating new data while interacting, the exploration of the state-action space is enabled.

One of the first landing applications is Gaudet and Furfaro (2014), where Deep Reinforce-
ment Learning (DRL) is employed, in combination with GPOPS trajectories pre-training, to
find the landing guidance strategy in a 3-DOF Mars environment. Despite the accuracy of the
solution being decent, this work was published in 2014, years before some of the most revolu-
tionary ML algorithms were discovered. They employed a custom stochastic search algorithm,
using only a delayed reward based on terminal position, velocity, and fuel consumption. Later,
the same authors applied the state-of-the-art Proximity Policy Optimization (PPO) algorithm
and a new reward function, giving bonuses at each time step as the vehicle approached termi-
nal conditions, to a 6-DOF Mars landing (Gaudet et al., 2020b). The solution was strongly
ameliorated, showing submeter and cm/s precision levels on terminal position and velocity,
with only 10-15% more fuel consumption than GPOPS trajectories, due to a longer flight time
caused by a suboptimal reward. This guidance algorithm is capable of handling a larger range
of initial conditions and uncertainties, being computationally very fast.

Meta-RL, combined with RNNs like LSTM, is a method where the agent leverages a
memory of past information, to make optimal decisions. The agent is trained in uncertain
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environments, making its policy robust to several perturbations so that it can adapt to new
scenarios, by retaining past knowledge about temporal variations of the observations. This
method has been applied to a multitude of space applications, showing large improvements in
unforeseen situations and uncertain environments.

One of the most notable works using RNNs is Gaudet et al. (2020a), where two guidance
laws were developed for 3-DOF Mars and asteroid landing. In the former scenario, the agent
is trained with PPO including random engine failures, large mass variations, and navigation
errors, while in the latter it is trained with unknown dynamics. In both cases, the guidance
laws showed extremely good performances, consistently better than standard fully connected
networks and conventional energy-optimal closed-loop guidance. In the same work, integrated
guidance and navigation was successfully developed, using only Doppler radar and LIDAR
altimeter readings, as observation.

Another example of integrated guidance and navigation is the meta-RL based autonomous
lunar landing (Scorsoglio et al., 2022). They developed a guidance strategy that maps from
lander images to thrust outputs, using convolutional layers. Similarly, Federici et al. (2022)
applied image-based meta-RL to guide an impactor in a binary asteroid problem, successfully
handling complex dynamics and large uncertainties, with a 98% success rate in Monte Carlo
campaigns. In this case, convolutional layers are combined with LSTM, trained with PPO.

Federici and Zavoli (2024) developed a robust closed-loop guidance algorithm for low-thrust
Earth-Mars transfers, using PPO and LSTM-based meta-RL. This approach, embedding dy-
namics, navigation, and control uncertainties in the training, improved performance, increasing
terminal accuracy by 20% compared to their previous work on the same topic, but without re-
current networks (Zavoli and Federici, 2021). They also introduced an ”e-constraint” technique
to gradually enforce terminal constraints, enhancing initial exploration during training.

Fereoli et al. (2024) applied meta-RL to proximity operations in cislunar space between
Lunar Gateway and Orion spacecraft, including approach cone constraints. This LSTM PPO-
based approach demonstrated better performance than a GPOPS trajectory.

Meta-RL has also been used in defense applications, such as 3-DOF hypersonic glider
approach guidance (Gaudet et al., 2022), where it outperformed an optimal GPOPS trajectory
tracked by an LQR controller in adapting to aerodynamic uncertainties and actuator failures.

Finally, the last development in the field of ML is the use of Transformer neural networks
to capture even more distant dependencies in a sequence. They are based on the concept of
attention and they are largely employed in Large Language Models and Generative Al.

Using SL, Briden et al. (2024) employed them to learn the set of tight constraints of the
3-DOF fuel-optimal powered descent guidance problem. This set is fed as an initial guess
to the direct optimization problem. The offline learning is done using pre-generated optimal
trajectories, and the set of tight constraints is returned given only the initial conditions of each
simulation. Compared to LCvx, the computational time for a solution is reduced by 78%.

Combining RL and Transformers for the first time in space guidance, Federici and Furfaro
(2024) showed that in 3-DOF, atmosphere-free, landing problem the Transformer-based policy
performs better compared to a standard fully connected NN, demonstrating adaptability to
new scenarios. The control output of the guidance law is the thrust vector to drive the vehicle
to a fuel-optimal soft landing. The results of Monte Carlo simulations show improvements by
about 50% and 20% in mean terminal position and velocity errors, respectively.

These two papers have shown that Transformers, even if still immature in RL, are very
promising for creating robust guidance systems able to adapt to many scenarios.

All the aforementioned works developed guidance algorithms for landing on planetary
bodies without atmosphere (or with a thin negligible one), avoiding the challenge of the highly
non-linear aerodynamic accelerations. Applying RL techniques to RLV landings on Earth
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remains largely unexplored, except for a few papers that use simplified models.

Chen and Ma (2019) trained an agent for a 3-DOF Earth landing with constant Cp using
PPO achieving sub-meter accuracy in terminal position and velocity. Only the nominal case
is analyzed, suggesting that performance would likely degrade in uncertain scenarios.

To enhance fuel efficiency, Su et al. (2022) introduced multi-stage reward functions in a
3-DOF Earth reusable rocket landing scenario that includes drag, combining a fully connected
NN based on PPO with pre-training through imitation learning. Xue et al. (2023) developed a
6-DOF guidance system for Earth landings using RNNs, pre-trained with Behavioral Cloning
(BC) using an expert dataset of optimal trajectories. The results show that combining super-
vised learning with DRL improves the accuracy of terminal position and velocity.

Rosa et al. (2023) is the only rocket landing guidance work with a higher modeling complex-
ity. A 6-DOF high fidelity simulator is used, including TVC, aerodynamics, and winds. Given
the increased complexity, the formulation of the reward function is also more articulated. How-
ever, they use Deep Deterministic Policy Gradient (DDPG) and no RNN to learn the policy.
They show 97% of success rate in a Monte Carlo campaign including limited dispersed initial
conditions on position, velocity, and mass only, and allowing a very large terminal vertical
velocity (10 m/s).

Most of these works comprise only the thrust vector components as control means, and only
one of them uses Transformer-based RL. Furthermore, a level of problem complexity, simulta-
neously including large uncertainties, fins, winds, aerodynamics, control rates constraints, and
variable mass properties is never addressed using any RL method. This leaves an opportunity
to close the gap for Earth landing in realistic scenarios using innovative techniques.

2.4. Reference Vehicle

Since the goal of this work is to study the landing of a rocket on Earth, the vehicle adopted
represents the first stage of RLV. Although real-world current and future missions, such as
Falcon 9 and CALLISTO, vary in size, they all use a throttleable gimballed engine and are
equipped with aerodynamic fins (Sagliano et al., 2021a, 2024a). Most of the works on this
kind of problem, such as Simplicio et al. (2020), De Oliveira and Lavagna (2023), and Lee and
Lee (2022), employ reference vehicles with very similar parameters. The vehicle from Lee and
Lee (2022) is taken as the reference one because the scenario described in their work is chosen
as the benchmark. It is the only publication using TVC and fin deflections as control means
in a feedback guidance policy. Since the RL framework employed in this thesis optimizes a
feedback policy with TVC and fins as controls, the aforementioned paper is considered the
most similar option to compare with. Hence, most of the vehicle parameters are taken from
Lee and Lee (2022). Since their vehicle is inspired by the one in Simplicio et al. (2020), all
the missing values in the former are taken from the latter. As a final remark, the reference
vehicle described in this paragraph is close to CALLISTO, which is the main focus of the GNC
department at DLR Bremen that hosted the author of the thesis.

The reference vehicle has an axis-symmetric shape, a diameter of 1.5 m, and a total length
of 15 m. It is equipped with a single throttleable engine, gimballed around two axes thanks
to a TVC system. The characteristics of the rocket engine are summarized in Table 2.1. The
vehicle is also equipped with two pairs of fins, one to control the motion around the pitch axis
and one around the yaw axis. They are useful in alleviating the efforts of the TVC, reducing
fuel consumption required to alter translational and rotational motion Lee and Lee (2022).
The fins are mounted in a diametrically opposite configuration, on the top of the stage, to
improve stability during descent and landing. The reference vehicle parameters that are not
dependent on the model used, are summarized in Table 2.1. Figure 2.2 is an illustration of
Callisto, a vehicle similar to the one used in this thesis.
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Figure 2.2: Example of the reference vehicle, with body reference frame. Taken from Sagliano et al. (2023).

Table 2.1: Vehicle parameters. Mostly taken from Lee and Lee (2022); Simplicio et al. (2020).

Description Symbol ‘ Value ‘ Unit
Initial wet mass mo 4000 kg
Dry mass Mry 2750 kg
Minimum thrust Trin 40 kN
Maximum thrust Traz 100 kN
Specific impulse I, 282 S
Maximum TVC deflection angle €Trans UToman 10 deg
Maximum fin deflection angle Btinimas 25 deg
Maximum TVC deflection rate €r, T, 15 deg/s
Maximum fin deflection rate Bfiniman 200 deg/s
Fin area Stin 0.54 m?
Longitudinal fin position wrt bottom stage Xfins 11.1 m
Engine gimbal position wrt bottom stage X7 (0.3, 0, 0) m

2.5. Mission Scenario

The mission scenario in this thesis is the terminal phase of a RLV re-entering Earth’s atmo-
sphere, focusing on the powered landing phase after aerodynamic descent. This phase is the
final stage in both Down-Range and Return-To-Launch-Site landings, and it is largely inde-
pendent of the mission profile. In Down-Range missions, the rocket ascends, the first stage
separates, and then it undergoes exo-atmospheric ballistic flight before the aerodynamic de-
scent and powered landing on a downrange platform. In the Return-To-Launch-Site scenario,
an additional boost-back maneuver redirects the stage back to the launch site before descent
and landing. The ascent is typically flown open-loop with predetermined attitude angles inter-
polated with respect to altitude. In this phase, dispersions and uncertainties increase, while in
the exo-atmospheric flight, where the only relevant force acting on the vehicle is gravity, they
remain approximately constant. Only during atmospheric descent, and especially powered
landing, they are reduced and driven to (almost) zero.

Two different scenarios are used, and shown in Table 2.2. The first one, called "Benchmark
Scenario”, replicates Lee and Lee (2022) and it is used to design and verify the flight simulator
and the optimal control framework. The second, defined "Complete Scenario”, is a more
realistic scenario, to represent real-world conditions. Here, initial conditions are enlarged
with respect to the Benchmark Scenario, uncertainties in the dynamics are included and more
accurate environment and vehicle models are used. In this case, dispersions on the initial states
are also introduced, simulating uncertainties accumulated in previous phases.

The initial altitude is set at 2000 m, while the horizontal initial position is chosen to be
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Table 2.2: Initial conditions in UEN landing site reference frame, and uncertainties. Benchmark data is taken
from Lee and Lee (2022), while Nominal mainly from Federici and Furfaro (2024); Sagliano et al. (2024c).

Description Symbol | Unit Nominal Nominal Dispersion
”Benchmark | ”Complete | ?Complete
Scenario” Scenario” Scenario”
Elevation position xo m 600 2000 [1900,2100]
East position Yo m 50 200 [180,220]
North position 20 m -50 -200 [-220,-180]
Vertical velocity Vo = -60 -100 [-110,-90]
Horizontal velocity (East) Uy, o -10 -25 [-30,-20]
Horizontal velocity (North) Vs = 10 25 [20,30]
Roll o deg 0 0 [-5,5]
Pitch 0, deg 20 20 [15,25]
Yaw o deg 20 20 [15,25]
Roll rate Wz.0 % 0 0 [0,0]
Pitch rate Wy.0 deg -10 -5 [-7.5,-2.5]
Yaw rate W20 dog -10 -5 [-7.5,-2.5]
Mass mo kg 4000 4000 [3900, 4100]
Density uncertainty p kg/m?3 - - U(0,10%)
Aerodynamic uncertainty Cx - - - U(0,15%)
Aerodynamic uncertainty Cy - - - U0,15%)
Aerodynamic uncertainty Cyz - - - U(0,15%)

10% of the initial altitude, following the approach used in CALLISTO studies (Sagliano et al.,
2024a). Many landing videos of Falcon 9 show the start of the propulsive phase at 2 km. The
initial vertical velocity is 100 m/s, scaled to be 20 times smaller than the initial altitude, as
done in Federici and Furfaro (2024) and Sagliano et al. (2024a). Initial horizontal velocities
are chosen by reasonably increasing from the benchmark, while initial pitch and yaw angles
are kept the same because they already represent realistic values. Angular rates are slightly
reduced, to reflect real flight conditions. The nominal mass value is the same used by Lee and
Lee (2022) and Simplicio et al. (2020).

Table 2.2 presents the initial dispersions, that are sampled from uniform distributions,
centered on the nominal values, at the start of each simulation. Regarding the position states,
10% uncertainty is chosen for the horizontal axes, while only 5% for the initial altitude, since
it is known with more precision because it is the variable that triggers the beginning of the
propulsive landing. Dispersion on vertical velocity is 10%, similar to what is done by Federici
and Furfaro (2024), while it is 20% on horizontal components, due to lower absolute value.
Dispersions on rotational states are chosen to be a few degrees (or degrees per second) since
these variables are not very large in absolute terms. Mass dispersion is 2.5%, close to the value
used by De Oliveira and Lavagna (2023).

The most uncertain dynamic variables are those related to atmospheric and aerodynamic
properties. At such low altitudes, gravity is almost constant, while density and aerodynamic
coefficients can have large local variations due to changes in weather conditions and imperfect
knowledge. The uncertainties presented in Table 2.2 are those used in the RL problem. At the
start of each simulation, values are sampled from the distributions. They are kept constant
for the entire simulation and applied as multiplicative factors to the nominal value. They
are similar to the ones used in Sagliano et al. (2022) and they are sampled from a uniform
distribution.
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2.6. System and Mission Requirements
To develop the G&C system with quantifiable numbers and specific objectives, some require-
ments on the mission (MR-XX) and on the G&C system (GR-XX) are determined.

MR-01 to MR-05 represent the initial conditions of the mission scenario, defined as the
interface between aerodynamic descent and powered landing phases. Given the uncertainties
accumulated during previous phases, the initial conditions are variable within a given range.
They are derived from similar missions and studies, as explained in Section 2.5.

Requirements MIR-06 to MR-08 focus on the aero-thermal loads the vehicle must sustain.
However, during the landing phase, structural and thermal loads are not critical due to the
low velocities and altitudes involved. Simplicio et al. (2020) highlight that the ascent phase
is far more challenging in terms of aero-thermal loads (dynamic pressure and stagnation point
heat flux), with the powered landing phase having only a marginal impact. It is expected that
as velocity decreases much more than density increases, aero-thermal effects diminish, making
these requirements less crucial.

The dynamic loads (Ga) are the product between dynamic pressure g and angle of attack
« and they are an indicator for lateral loads and bending moments on the vehicle, giving a
limit on its structural integrity. Even if the dynamic pressure is not large in the powered
landing phase, the angle of attack can significantly increase due to wind gusts, increasing the
loads. Therefore, it can have a relevant impact on the mission. The maximum admissible is a
standard value in the order of magnitude of typical launchers.

Axial loads are significant during terminal landing when thrust is high and mass is minimal,
leading to considerable axial accelerations. The maximum value is chosen as the limit for Falcon
9 (Blackmore, 2016).

The stagnation point heat flux depends on atmospheric density and vehicle velocity. As-
suming a cold-wall model, and a turbulent flow given the engine flame, it is calculated with
the Chapman equation (Mooij, 2017):

p(h)>®

e =c V[ (2.2)
RY?

where ¢ = 1.74 x 10~* on Earth and Ry is the curvature radius of the vehicle. The value of this
requirement is driven by the entry and aerodynamic descent phases, where both the vehicle’s
velocity and atmospheric density are substantial.

« MR-01: The vehicle shall be able to successfully land from a range of initial altitudes
between 1900 and 2100 m with respect to the landing site.

e MR-02: The vehicle shall be able to successfully land from a range of initial wet masses
between 3900 and 4100 kg.

e MR-03: The vehicle shall be able to successfully land, given a 10% initial dispersion on
each axis of the horizontal position, with respect to the landing site.

« MR-04: The vehicle shall be able to successfully land from a range of initial downward
vertical velocity between -90 m/s and -110 m/s.

e MR-05: The vehicle shall be able to successfully land from a range of initial attitude
between 15 and 25 degrees on the pitch and yaw axis.

o MR-06: The vehicle shall not exceed dynamic bending loads (ga) of 250 KPa deg.
o« MR-07: The vehicle shall not exceed an axial acceleration (g-load) of 6 g.
« MR-08: The vehicle shall not exceed a heat flux of 200 kW /m?.

Requirements are also determined for the G&C system, to create the correct algorithm for
the powered landing mission goals. It has to operate in closed-loop with the navigation to
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output the control actions (GR-01), giving frequent updates (GR-02). The engine shutoff
can happen not above 1 m from the landing site because, otherwise, the vehicle would free-fall,
and the legs could not structurally sustain the impact (GR~03). Similarly, the requirement
on the vertical velocity is driven by the same reason (GR-05). It is significantly smaller, but
more realistic, compared to the one set by Rosa et al. (2023). Constrained by the width of
the landing site, either on land or on a barge, the requirement on the horizontal position error
is set (GR-04). Both the requirements on the horizontal velocity (GR-06), residual attitude
angles (GR-07), and residual angular rates (GR-09) are driven by the same idea of enabling
a simultaneous landing of all the legs and avoiding tipping over after touchdown. These values
are chosen by taking as reference real-world results from Falcon 9 and from similar research
(Federici and Furfaro, 2024; Rosa et al., 2023). The angular rates of the vehicle during the
trajectory (GR-08) are limited by the effectiveness of the control means: TVC and fins. The
remaining requirements (GR-10 to GR~15) are based on expected uncertainties of different
elements of the vehicle and environment, mainly based on what is found in the literature
for similar problems. For example, uncertainties on atmospheric density and aerodynamic
coefficients are the same as those used in Sagliano et al. (2022), while the control errors are
based on values applied to similar rocket landing problems.

e GR-01: The G&C system shall output thrust magnitude, TVC and fin deflections, given
as input estimate position, velocity, attitude, angular rates, and mass states.

e GR-02: The G&C system shall execute in less than 50 ms on a standard computer, to
enhance the potential of running onboard the vehicle to implement real-time trajectory
computations.

e GR-03: The G&C system shall be able to command engine shutoff during landing within
1 m of vertical terminal position error in the nominal scenario.

e GR-04: The G&C system shall enable landing within 10 m of horizontal position error.
o GR-05: The G&C system shall enable landing within 2 m/s of vertical velocity error.

o GR-06: The G&C system shall enable landing within 1.5 m/s of horizontal velocity
error on each axis.

e GR-07: The G&C system shall enable landing within 3 deg of vertical attitude residual
with respect to the vertical axis of the landing pad.

e GR-08: The G&C system shall generate trajectories that do not exceed rotational rates
larger than 15 deg/s during the flight, on each axis.

o GR-09: The G&C system shall be able to ensure that the vehicle has less than 3 deg/s
residual rotational rate at touchdown, on each axis.

e GR-10: The G&C system shall be robust up to £15% aerodynamic coefficients uncer-
tainty.

e GR-11: The G&C system shall be robust up to £10% atmospheric density uncertainty.

o GR-12: The G&C system shall handle wind profiles magnitude up to 15 m/s.

e GR-13: The G&C system shall be robust to uncertain wind gust.

o GR-14: The G&C system shall be robust to 0.25 deg/s errors in TVC and fins rates.

e GR-15: The G&C system shall be robust to 1% bias and 1% error in thrust magnitude.
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Flight dynamics

Flight dynamics describes the motion and orientation of a vehicle subject to forces and mo-
ments in a three-dimensional space. The reference frames are described in Section 3.1 and
Appendix B.1, while the transformations in Appendix B.2. State variables are defined in Sec-
tion 3.2. Section 3.3 defines all the forces and moments present in the Equations Of Motion
(EOMs) for the landing problem considered. Finally, the models used for the environment are
presented in Section 3.4.

3.1. Reference Frames

A reference frame represents a coordinate system with a given origin and orientation, with
respect to which the kinematics and dynamics are described. Multiple reference frames are
used in the description of the motion of a vehicle because it is more understandable to formulate
some external forces in a specific reference frame compared to others. As categorized by Mooij
(1994), they can be divided into two different classes: the planet-centered reference frame and
the vehicle-centered ones. The inertial frame and the one where the EOMs are represented are
described in this section, while all the other frames needed to describe quantities involved in
the problem are presented in Appendix B.1. All the following reference frames are expressed
in Cartesian coordinate systems and are considered to be right-handed.

Earth centered inertial reference frame 7

The inertial frames are those where Newton’s first law is valid. The Earth Centered Inertial
(ECI) reference frame is an example of the aforementioned type of frames !, where the origin
coincides with the Earth center of mass, the X7 — Y7 plane corresponds to the terrestrial mean
equatorial plane at J2000 and the Z7 axis is defined by the direction of the Earth mean rotation
pole at J2000. More specifically, X7 axis points in the direction of the mean Vernal Equinox
at J2000 and Y7 completes the right-handed system (Subirana et al., 2011). J2000 is used to
refer to the epoch corresponding to 12:00 Terrestrial Time on January 1, 2000.

Landing site Up-East-North rotating reference frame UEN

The Up-East-North landing site-centered reference frame belongs to the category of planetary
ones. It has its origin on the landing site, it has the Xygn axis perpendicular to the local
horizon, the Yygn axis aligned with the true east direction, and Zygn axis aligned with the
true north direction.

'Formally, it is defined as pseudo-inertial due to Earth motion around the Sun, and thus it is subjected to a
certain acceleration but can be thought as inertial over short periods of time

21
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3.2. State Variable Definition

A set of variables defined as states is used to describe the evolution of a dynamic system over
time. Variables related to both translational motion and rotational motion are explained in
Sections 3.2.1 and 3.2.2, respectively.

3.2.1. Position and Velocity

The position and velocity of a vehicle flying in an atmosphere are commonly described using
a Cartesian or spherical representation. Here, only Cartesian ones are described, because it
is the representation used throughout this work. Since the flight takes place at a low altitude
(below 2 km), flat Earth can be assumed, and it is convenient to refer to position or velocity to
a surface relative reference frame, such as the landing site one. Hence, to simulate the motion
of the vehicle, the Cartesian representation is used rather than the spherical one. Moreover,
the visualization is also done using landing-site relative Cartesian coordinates, which are easier
to understand for low-altitude flights, compared to the harder-to-interpret small variations of
spherical coordinates. For instance, a 1 km distance on Earth’s surface, along a meridian,
corresponds to roughly 0.01 degrees in latitude, which is not intuitive to interpret.

Cartesian components
Cartesian components express position and velocity with respect to either an inertial or rotating
reference frame. In this thesis, they are both used depending on the scenario.

{Position: r'="Tg,Ty, 7 (3.1)

Velocity: v = vz, vy, 0,

3.2.2. Attitude and Angular Rates
The attitude of a vehicle is defined as the orientation of a body-fixed reference frame relative to
an external one. It can be expressed through various representations, including aerodynamic
angles, attitude Euler angles, Modified Rodriguez Parameters (MRP), and quaternions. While
aerodynamic and Euler angles are easy to visualize in 3D space, quaternions lack intuitive
interpretation but are singularity-free. Although singularities in aerodynamic, Euler angles,
and MRP can be managed by switching between multiple sets of angles, quaternions are used
to simulate the attitude due to their straightforward implementation, computational efficiency,
and widespread use. However, vehicle attitude is visualized using Euler angles, which intuitively
represent roll, pitch, and yaw, making the vehicle’s behavior easier to interpret. Since many
relative orientations, such as TVC and fin deflections with respect to the body frame, are
commonly available a sets of Euler angles, these are used directly for frame transformations.
The angular rate of a body is the rotational velocity of the body frame with respect to the
landing site UEN frame, expressed in body axes components. Therefore, the rotation vector
w is composed by the roll rate w,, pitch rate w, and yaw rate w..

Classical attitude Euler angles

Classical attitude angles are represented by the following set of Euler angles: roll ¢, pitch 6
and yaw 1. They define the orientation of the body frame with respect to the landing site
UEN reference frame. They are used for visualization and interpretation purposes.

Quaternions

Quaternions are a mathematical formulation used to represent the three dimensional relative
orientation of two reference frames. In this work, they define the attitude of the body reference
frame with respect to the landing site UEN reference frame, and they are used to simulate
the vehicle’s attitude in the equations of motion.

q=(q1,02,q )" = <qqlf) (3.2)
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A quaternion is a 4-dimensional hyper-complex number, with a real component and three
imaginary parts. In this work, the fourth element of the quaternion (g4) is considered the scalar
(real) part, using the notation from Markley and Crassidis (2014). In attitude representation,
the four parameters of a unit quaternion are not independent of each other, but they are
constrained to satisfy the norm of the quaternion equals to one:

Gra+a+qi=1 (3.3)

3.3. Equations of Motion

This section lays out the 6-DOF EOMs used to describe the motion of the vehicle in an
atmospheric environment. In Section 3.3.2 the translational motion of the Center of Mass
(CoM) of the vehicle is described, due to the forces acting on it, as illustrated in Section 3.3.1.
Additionally, in Section 3.3.4, the motion around the CoM is described, due to the moments
acting on it, as illustrated in Section 3.3.3.

Due to the small vehicle velocity and mass compared to the speed of light and to the mass
of the stars, the special and general relativity are not considered and the EOMs are expressed
according to Classical Mechanics. As additional assumptions, the space vehicle is considered
a rigid body with variable mass, neglecting effects such as sloshing and bending. The time
dependency (t) has been dropped in all the following equations, for easiness of notation.

3.3.1. External Forces
The external forces acting on the rocket during the landing phase are coming from three
different sources: gravity, propulsion, and aerodynamics.

Gravitational forces
The gravitational force is the force exerted by the central body on the vehicle. Expressed in
Cartesian coordinates in the landing site frame (UEN), it is:

FOEN = mgUEN — iy [ 0 (3.4)
0

UEN

m is the vehicle mass and g is the gravitational acceleration vector in UEN frame.

Propulsion forces
The propulsion frame P is defined, where the thrust force vector is expressed as:

T
Fr=T"=10 (3.5)
0
The thrust magnitude 7" is computed as:
T = mlspgo (3.6)

go is the gravitational acceleration constant at sea level (Table 3.1).

To correctly define the propulsion forces and moments in the body-centered reference frame
B, the following parameters have to be known:

e T;, magnitude of the thrust force generated by the engine,

e ep, Y, thrust force angles, due to TVC actuators, with respect to the body frame.

According to the transformation Cg p as outline in Table B.1, the thrust force in the body
frame becomes (Simplicio et al., 2020):

T cos er cosyYr
F5 = | Tcosersinyr (3.7)
—T'sinep
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Aerodynamic body forces

The aerodynamic forces are significant forces during the landing problem, due to the dense
Earth’s atmosphere, strongly affecting the motion of the vehicle. They depend on the vehicle
shape, on its orientation with respect to the velocity vector (aerodynamic angles o and (), and
on the dynamic pressure. The dynamic pressure is calculated as:

_ 1
1= 3olVall (33)

The aerodynamic forces can be expressed in the (airspeed-based) aerodynamic frame 4.A or in
the body frame B directly. In the first case, Cp, Cg, and C, are the coefficients that are needed
to calculate drag (D), side (), and lift (L) forces, orientated as the axes of the aerodynamic
frame. With the second formulation, the aerodynamic coefficients (Cx, Cy and Cyz) and
forces (X, Y and Z,) are already orientated as the body frame axes. It is remarked that these
two formulations are totally equivalent. The only difference is whether the rotation between
aerodynamic and body frames is already embedded in the aerodynamic coefficients (when they
are provided in B frame) or shall be performed after the computation of the aerodynamic force
(when the coefficients are provided in AA frame).

In this thesis, the coefficients are stored in lookup tables, already in the body frame.
They are provided as axial (C4) and normal coefficients (Cy), avoiding the rotation from
aerodynamic to body frame. The body frame identifying C'y and Cn has the same axes as
the body frame (B) of this thesis, but it has opposite positive directions. Hence, the only
operation is to transform C4 and Cy to Cx, Cy, and Cy, correcting the direction of axes of
the reference frame in which the coefficients are provided. Therefore, the aerodynamic forces,
in the body reference frame are expressed as:

X Oy
FaBero,body =Y |= quef Cy (39)
zZ Cy

where X, Y, and Z are the aerodynamic forces, orientated as the axes of the body frame. In
case there is no wind, the groundspeed and airspeed are coincident, otherwise, the following
steps have to be taken to compute the aerodynamic forces. Groundspeed and wind velocity
are given in UEN frame, they are subtracted to get the airspeed, which is first rotated in
body B frame and then used to compute the aerodynamic angles («, 3). Using them, from the
lookups, the aerodynamic coefficients (Cx, Cy, Cz) are extracted, and forces are calculated
in body B frame. Eventually, they are rotated back in UEN, to be used in the EOMs.

Aerodynamic fins forces
In addition to the aerodynamic forces generated by the body of the rocket, the forces generated
by the fins are also included in the problem and described here.

The force generated by each fin is calculated similarly to what is done in Eq. (3.9) for the
aerodynamic body forces. For each fin, they are calculated in the corresponding fin frame:

X Cx
Ffera,fin,i =Y = quef,fz‘n Cy (310)
z fin CZ fin

where (X,Y, Z) i, are the aerodynamic forces, orientated as the fin frame’s axes. After being
converted to the vehicle body frame, the forces generated by the four fins are summed.

4
B F
Faero,fins = Z CB,]'—Faerqfin,i (311)
=1
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The calculation of the aerodynamics for the fins is presented here. Given the reduced fin area
with respect to the vehicle body area, the axial force of the fins is neglected, while only the
component normal to the surface of the fin is considered (i.e., along the Y-axis of each fin
reference frame) Simplicio et al. (2019). Neglecting flow separation, the normal contribution
has a sinusoidal dependence on the fin local angle of attack (ajocar)- C'fm is the maximum
normal fin force coefficient. Thus, the normal fin force coefficient in the fin reference frame is:

Cfin(alocal) = szn sin (alocal) (312)

The local angle of attack is computed differently for the two pairs of fin. Since one pair is
associated with the control of the pitch plane (fins 1 and 2) and one with the control of the
yaw plane (fins 3 and 4), they are respectively related to angle of attack and angle of sideslip:

Qlocal,i = /Bfin,i -« Z = 17 2 (313)
Qlocal,i = Bfin,i - B 1= 374
The force normal to the fin surface is then calculated, in each fin frame, as:
F)]/;mz = qumein(alocal) (314)

Then, for each of the four fins, a rotation takes place, to express them in the body frame. The
fins controlling the pitch plane give a component of the force along the Xz and Zp axes:

FYfin,i sin (—Bfm,i) COs (—ﬁfm,i) —sin (—ﬁfm,i) 0 0 )
F%, ., = 0 = 0 0 —1| | BLoien i=1,2
fin,i ) Yiini ’
Fy;,, €08 (—Bfin,i) sin (=Bfin,i)  cos(—=Bgini) 0 0
(3.15)
The fins controlling the yaw plane give a component along the Xz and Yz axes:
—Fy,, ; 8in (=Byin,i) cos (—Bfini) —sin(=Bfini) O fo
. a .
Ffini= | F¥pin. €08 (—Bfini) | = | sin(=Bping)  cos(=Bini) O [ Fy,20" i=3,4
0 0 0 1 0
(3.16)

3.3.2. Translational Dynamics

Starting from Newton’s laws, the translational EOMs can be expressed in the inertial frame.
However, that is not the most advantageous representation. Using a formulation with respect to
the landing site brings a set of benefits. For example, it enables a straightforward interpretation
of state variables (position and velocity in the first place), easing the analysis and understanding
process. Moreover, the quantities at stake are smaller, avoiding possible numerical issues when
large values are used, as in Earth-centered reference frames. Therefore, the EOMs are expressed
in the UEN reference frame. Since it is fixed to the Earth’s surface, it is a rotating frame.
Hence, to ensure the validity of Newton’s laws, which are postulated in the inertial frame,
fictitious forces have to be introduced. Thus, the EOMs in UEN frame are:

r =v
1
- UEN UEN UEN UEN UEN UEN UEN
v =g + 7(Faero,body + Fr + Faero,fins) —2we XV —We X (UJ@ xr )
(3.17)
where rYEN and vUEN represent the position and velocity of the CoM of the vehicle in the

landing site reference frame. gUEN,FgEN,FEe]E‘E)Ody, Ee];?omes represent the gravitational

acceleration, the propulsive force, and the aerodynamic force of body and the fins, respectively,
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UE UEN)

expressed in landing site reference frame. The terms 2wg x VUEN and wg x (we x 1
represent the apparent accelerations due to the vehicle’s motion in the rotating frame: Coriolis
and centrifugal acceleration terms, respectively. An assumption is made, regarding the rotation
rate wg which formally depends on latitude. Since the lateral displacement between the vehicle
and landing site is minimal, the variation in latitude and rotational rate is negligible. At the
Equator, Earth rotates at weg = 7.292115 x 107> rad/s.

Only for the benchmark problem, Earth’s rotation is neglected as the UEN reference
frame is considered inertial due to low altitude and short simulation time, as done in Lee and
Lee (2022). For instance, considering the initial conditions of the Benchmark Scenario (Table
2.2), Coriolis acceleration is in the order of 1073 m/s?, while the centrifugal one 1075 m/s?,
which are about 5 and 8 orders of magnitude smaller than the gravitational one. Instead, in
the ”Complete Scenario” Earth’s rotation is included, as done in many similar works, such as
Sagliano et al. (2021a). Considering its initial conditions, the apparent accelerations are ap-
proximately 1072 m/s? on the lateral (east) component, 1-2 orders of magnitude smaller than
typical aerodynamic accelerations. Considering 15% uncertainty in aerodynamic coefficients,
the fictitious lateral acceleration is comparable to that caused by the uncertainty, similarly
affecting lateral motion. Although not the most significant term, it is included in the RL
training to enhance guidance policy fidelity. Additionally, its inclusion does not impact simu-
lation time as it is computationally light. Finally, if the aerodynamic descent is also simulated,
starting at 30 km of altitude with 1000 m/s of vertical velocity, as Falcon 9 does, the fictitious
accelerations become more important, rising to about 10~ m/s?. Thus, modeling them in the
EOMs increases the flexibility to simulate multiple scenarios.

3.3.3. External Moments

This section outlines the external moments acting on the vehicle: propulsion moment and
aerodynamic moment, generated by the body of the vehicle and its fins. The gravitational
moment would be generated by the differences in gravity acting on different points of the
vehicle. However, given the relatively small size and the negligible gravity gradient over the
vehicle, this is not considered in the problem.

Propulsion moments
Based on the propulsion forces defined in Section 3.3.1, and the position of the engine relative
to the CoM in body frame (xT — Xcon ), the total moments acting on the vehicle in the body
frame are given by:

erIg\ = (XT — XCoM) X CB,pTP (3.18)

The position of the gimbal point xT is fixed in time.

Aerodynamic body moments

The aerodynamic moments are generally formulated as the sum of two components: the aero-
dynamic moment around a fixed reference point (MaBer o,body,o) and the cross product of aero-
dynamic forces and distance between the CoM and a reference point (X,ef — Xconm):

B B B
Maero,body = Maero,body,O + (Xref - XCOM) x Faero,body (319)
B Cl,Obref
Maero,body,() = quef Cm,Dcref (3.20)
Cn,Obref

C10, Cm,0, and Cp o are the roll, pitch, and yaw damping moment coefficients, while b,.; and
Cref the aerodynamic reference lengths. Moment damping coefficients are very difficult to
estimate for rockets and therefore they are assumed equal to zero in this work. As pointed out
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in Sagliano et al. (2023), it is a conservative assumption, since the damping term would make
the response slower and more stable.

Hence, it is assumed that the aerodynamic moments generated by the body of the vehicle
around its CoM are caused only by the aerodynamic forces applied in the Center of Pressure
(CP), calculated as the cross product between the aerodynamic forces and the CoM-CP offset:

B B
Maero,body = (XCP - XCOM) X Faerqbody (321)

The center of pressure x¢op varies by about 6 meters, depending on the angle of attack, sideslip
and Mach number and it is tabulated together with the aerodynamic coefficients. Its variation
is shown in Fig. C.1(c).

Aerodynamic fins moments
Similarly to the aerodynamic body moments, also those for the fins are calculated only using
the fins aerodynamic forces and the distance between each of their CP and the vehicle CoM:

4

B B
Maero,fins = Z(XfinCP,i - XCOM) X Faero,fin,i (322)
1=1

Given the small size, each fin’s CP is assumed to be the fixed attachment point on the rocket.

3.3.4. Rotational Dynamics and kinematics
The rotational dynamics of the vehicle body, with respect to the inertial reference frame, is
defined by the Euler equations, written as:

- B -1 B B B B B

w- = JB [Maero,body + MT + Maero,fins —w X JBw ] (323)
wB is the rotation rates of the vehicle expressed in the body axes with respect to the UEN
landing site reference frame. Jg is the inertia matrix of the vehicle expressed in body frame,
while M% MaBem’body, Mfem’ fins aTe the propulsive moments and aerodynamic moments of
body and fins, expressed in body axes, as defined earlier.

The vehicle’s body axes attitude is propagated using the quaternion kinematics equation:

q4 —q3 Q2
1 g @ —al (™
F==0-F=2 wo (3.24)
2 21— qa
w3
—q1 —q2 —q3

3.4. Environment models

This section presents the possible variants for each model, followed by a preliminary trade-off
analysis to select the most adequate options. The chosen models for simulations and training
are then described in detail. The choices are verified in Section 5.11, where an error analysis
is performed a posteriori, to assess if the critical reasoning based on the requirements led to
the correct selection. Given the requirements on terminal position and velocity constraints,
the errors generated by a lower fidelity method shall be one order of magnitude less than
the constraint. For example, position errors shall be at the submeter level (compared to the
10-meter landing radius GR~04), while velocity at centimeter per second level (GR~05).

3.4.1. Gravity Model
The gravity model used in this work includes only Earth’s gravitational force, as third-body
perturbations from other Solar System bodies are negligible for low-altitude flights.

Given the small altitude range, close to the surface (MR-01), and minimal changes in
latitude and longitude (MR-02), high-order harmonics are unnecessary, as they would impact
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Table 3.1: Earth reference parameters (Petit and Luzum, 2010).

Parameter | Reference value ‘ Unit

IS 3.9860044188 x 10T [ m?/s?
Re 6378136.6 m
go = 5% 9.7982867 m/s?

@

terminal position and velocity in the order of mm and mm/s. Even the largest spherical
harmonic acceleration term (i.e., J2) is almost three orders of magnitude smaller than the
constant gravity (~ 1072 m/s? (Wakker, 2015)). Also, the discrepancy between a central
body gravity model and a constant one is about 0.01 m/s? (about 0.1%). Despite having the
same order of magnitude, the error between constant gravity and central body gravity model
increases with altitude, while the influence of the J, decreases.

Although gravitational errors from a constant gravity model are small compared to other
forces in the dynamics, they generate similar accelerations as those from aerodynamic and
density uncertainties, potentially propagating to cm and cm/s errors on terminal position and
velocity. Therefore, a more advanced model is used. In the "Complete Scenario”, a central
body gravitational model is used, to account for these errors and assess their influence on the
terminal position and velocity. It is preferred to the spherical harmonics term also due to the
lower computational effort needed.

Considering only the central body point mass gravitational acceleration, it acts only on
the radial axis, and it is a function of the radius from the center of the Earth:

UEN He

where pug and Rg are Earth’s gravitational parameter and equatorial radius, as reported in
Table 3.1. For the "Benchmark Scenario”, a constant gravity model is employed.

3.4.2. Atmospheric Model

The simplest atmospheric model is the exponential one, which assumes constant temperature
and gravity, to calculate the atmospheric density as an exponential function of the altitude.

h

p = poe Hs (326)

po is the reference constant density at sea level and H, = R—OT is the scale height.

The U.S. Standard Atmosphere 1976 (US76) (NOOA et al., 1976) is a more realistic model,
based on balloons and rocket observations that calculates temperature, pressure, and density
only as functions of altitude, assuming a dry, perfect gas mixture. The NASA Earth Global
Reference Atmosphere Model (GRAM) accounts for geographical and temporal changes of
thermodynamic variables and wind components, also providing statistically perturbed variables
useful for Monte Carlo simulations. However, it lacks a Python interface, making it unusable
for this work. The most complex model, NRLMSISEOO, accounts for geomagnetic and solar
effects for higher accuracy but is highly computationally intensive, thus impractical for this
work given the need for thousands of simulations to train NNs.

Correct modeling is crucial for the atmosphere, as aerodynamic forces depend on it and
strongly affect the terminal accuracy. While not using the NRLMSISEOO model can lead to
large terminal errors for long propagations, in short flights of 40 seconds like in this work,
the terminal errors (GR-04, GR-05) are reduced to subcentimeter levels even using simpler
models. The exponential model provides a similar profile as US76, but it can introduce local
density errors of up to +20% within 10 km of altitude, affecting aerodynamic force accuracy.
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This error can combine with aerodynamics uncertainties (GR~10) resulting in force errors far
beyond realistic values. The computational time for the two models is similar since both are
expressed with two equations. Finally, US76 offers a more precise temperature profile, leading
to a more accurate Mach number for aerodynamic coefficient interpolation.

Supported by the use of US76 in many other rocket landing studies, such as De Oliveira
and Lavagna (2022), Simplicio et al. (2019), and Lee and Lee (2022) it is the chosen model
also here, as a trade-off between accuracy and runtime. The primary goal of this manuscript is
to develop robust guidance adaptable to various realistic uncertain conditions, rather than to
precise conditions measured for a specific location. Since the flight spans only a few kilometers
with minimal atmospheric changes, US76 is the ideal atmospheric model for this thesis.

In the US76 model, for altitude below 86 km, the atmosphere is divided into a set of layers,
where linear constant temperature rates for each layer (L) are assumed (Eq. (3.27)).

T="1Ty+ Lk(Tx — Txo) (327)

where Tj and r,, are initial temperature and altitude, while Lj; the thermal lapse rate.
The atmosphere below 86 km of altitude is assumed homogeneously mixed, in hydrostatic
equilibrium (Eq. (3.29)), and the air is treated as if it were a perfect ideal gas (Eq. (3.28)).

p = pRT (3.28)

dp = —gpdh (3.29)

where p, represents atmospheric pressure and R the gas constant for air (assumed constant at
287 J/kg K). Manipulating the ideal gas and hydrostatic equilibrium equations, an analytical
expression for atmospheric density (p) with respect to altitude can be found:

o= po (?) (i) (3.30)

For the altitudes used in this thesis, the considered layer goes from 0 km to 11 km of geopo-
tential height. In this layer, the temperature linearly decreases with a rate of Ly=-6.5 K/km.

3.4.3. Wind Model
The wind is very important in the simulations, because it acts as a perturbation on the vehicle,
altering its aerodynamic angles, and eventually its motion. The wind induces a change of angle
of attack and sideslip, which are critical for the dynamic loads. The wind is modeled in this
thesis as the sum of two terms. The first depends on the season and location, and it is a steady
component, stable for hours. The second, an unpredictable one, has a short temporal duration.
For the steady component, also known as mean wind, multiple profiles are generated using
the Horizontal Wind Model 14 (HWM14) from the US Naval Research Laboratory (Drob
et al., 2015), which is an empirical model based on data from satellites, sounding rockets, and
atmospheric balloons. It provides the zonal (north-south) and meridional (east-west) wind
velocity components of a given set of latitude, longitude, and altitude values. It assumes that
the wind primarily affects the horizontal plane, with the vertical component being negligible, as
it is typically orders of magnitude smaller compared to the horizontal wind. The model’s output
varies with geographical position and time of year, including solar disturbances. Therefore, in
the UEN reference frame, the mean wind can be represented as:

0
Vwind,const(r) = 'IUEW(I‘) (331)
ng(r)
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Moreover, the short-term unstable components, made of turbulence and wind gusts, are super-
imposed to the steady mean term, altering the wind profile locally.

Turbulence is typically modeled as a combination of large-scale wave-like perturbations and
small-scale stochastic variations, as described in the Earth GRAM model (White and Hoffman,
2021). For this thesis scenario, given the relatively small altitude and short time frame, only
small-scale perturbations are considered. In GRAM the wind velocity perturbation is also cross-
correlated with the density perturbation. The lack of data on these correlations leads to the use
of a first-order auto-regressive model in this simulator. This model computes a perturbation
at each position from the correlated perturbation value at the previous position. Considering a
normalized variate p(ry) (where p(ry) is the value of the deviation of the variable with respect
to the mean, at the position rg, divided by the standard deviation), the perturbation at the
following position rg 1 is calculated as:

p(rrs1) = pu(re) + /1 = p2q(r) (3.32)

q(r) is a Gaussian-distributed random number with a mean equal to 0 and standard deviation
equal to 1, while p is the auto-correlation term between two values at two successive positions
r; and rg. 1. In this work, given the short time scale and horizontal displacement, the auto-
correlation factor is assumed only dependent on the vertical position. Therefore:

J
p(dr) = exp (— rx) (3.33)
L.
ory = |rz(k + 1) — rp(k)| is the vertical displacement between two positions and L, is the

vertical scale parameter, tabulated as in Figure 1 from Justus et al. (1990).

On top of this, the wind gusts are added. They are modeled as ”1-cosine” shape, so that
there is a peak of the wind gust at a given altitude, and it is dumped out at altitudes above
and below it. For each new simulation, there is a 50% chance of creating a wind gust. As
shown in Leahy (2008) the equation used to model them is the following:

0 if h<0
Vwindgust = 3 Y32 [1—cos (Z)]  if 0<h<2d (3.34)
0 if h>2d

d is the gust half-width, randomly varying between 125 m and 375 m. v;,4, the vector of
the maximum magnitude of the gust in correspondence of the half-width, randomly varying
between +5 m/s and h the position of the vehicle inside the gust width. The wind gust is
superimposed on the sum of mean wind and turbulence. Thus, the total wind is computed as:

0
Vwind(r) = | WEW (I‘) + M(r)o-wEW (I‘) + Vwind,gust (3~35)
wNs(r) + p(r)owys (r)

3.4.4. MCI model

MCI can be modeled with different levels of complexity. The mass is considered variable, given
the fuel consumption during the flight. The CoM is assumed to lie on the rocket’s longitudinal
axis (Xcom = [Tconm,0,0]), and the inertia matrix is diagonal, containing only the principal
moments of inertia. Due to the vehicle’s axisymmetry, two of them are equal:

Jey=| 0 Jn(t) 0 (3.36)
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During such a short flight, the fuel variation is not extreme and the change in CoM and inertia
could be considered negligible, assuming them to be constant, as done in the Benchmark
scenario.

For more accurate results, a lookup table or analytical models can be used, as the CoM
position affects the moment arm in external moment calculations, and the inertia influences
rotational dynamics. Errors caused by using a low-fidelity model are dependent on the amount
of propellant used in flight and are hard to estimate a priori. For instance, if an actuator
deflection is calculated with a fixed CoM, but the actual real-flight CoM varies, the lever arm
and resulting control moment will differ from the expected values, potentially strongly affecting
the rocket’s motion. Therefore, in the Full scenario, a more accurate analytical model is used
for the MCI. As described in Simplicio et al. (2020), it is based on the fuel mass depletion,
with respect to the initial value:

(t) = ool (3.37)
Miprop(to)
Myrop is the total propellant mass, which is the sum of fuel and oxidized.

The CoM is calculated using the varying masses and height levels of fuel and oxidizer in

the tanks:

]. h ue t hOCE t
xCoM(t) = m |:mfuel (t) (htank,fuel + f2l()> + Moy (t) <htcmk,om + 2( )> + mdryhdry:|

(3.38)
hiank, fuel and hiank or are the heights of the tanks’ bases with respect to the bottom of the
rocket, m fe1(t) and me,(t) are the masses of fuel and oxidizer at a given time step, mg,, is the
dry mass and hgy is the height of the CoM of the dry rocket. Moreover, hfyei(t) and hoy(t) is
the level of propellant in each tank at a given time step, calculated as:

hw(t) = n(t)dtank,a: (3.39)

dtank,x is the length of each tank. Therefore, given constant density of each propellant, hzT(t)
represents the height of the CoM of each propellant with respect to the tank’s base.

The axial J4 and lateral components Jy are calculated as:

1

JA(t) = §mp1”0p(t)rl%ank + JA,dTy (340)

1 1
‘]N(t) _7mfuel(t) (3rl?ankz + h?uel(t)) + 7m0$(t) (3Tl%ank + hgx(t)) + JN7d7’y+

12 12
hryer(t 2 hog(x 2
mfuel(t) (htank,fuel + ! 2l( ) - xC’oM@)) + Moy (t) (htank,oz + 2( ) - xC’oM(t)> +

mdry(hdry - xCoM)2

(3.41)

Tank 18 the tank radius. All the time-independent elements are tabulated in Tab. 3.2.
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Table 3.2: MCI parameters.

Variable | Value | Unit

htank,fuel 1.2 m
htank,oa: 5.4 m
dtank,fuel 3.3 m
diank,ox 5.97 m
Ttank 0.7 m
hary | 3585 | m
JA,dry 5880 | kg m?
Tnary | 39000 | kg m?
My 2750 kg



Reinforcement Learning

In this chapter, a general overview of RL is given, starting from a description of the fundamen-
tals of Reinforcement Learning in Section 4.1. Then, in Section 4.2, the combination of neural
networks and RL is presented to show how Deep Reinforcement Learning algorithms work,
while Section 4.3 it presents an overview of the most used ones. In Section 4.4, the concepts
of meta-Reinforcement Learning is described, to show how multiple tasks can be learned in a
single framework, using RNN or the concept of attention. Finally, a trade-off to choose the
most suitable methods is performed in Section 4.5.

4.1. Introduction to Reinforcement Learning

Reinforcement Learning is a branch of Machine Learning, where an agent learns based on expe-
rience, rather than data. It consists of the most basic idea of learning: the interaction between
a learner and an environment produces information about cause and effect, about consequences
of actions, and about how to act to achieve a goal Sutton and Barto (2018). Therefore, the
intelligent agent learns to make sequential optimal decisions in a dynamic environment, to
maximize the positive feedback it receives. As explained in Chapter 2, RL is preferred over
Supervised and Unsupervised Learning due to its broader generalization capabilities.

4.1.1. Reinforcement Learning Fundamentals

RL defines the learner as the agent, which repeatedly interacts with everything outside of it,
known as the environment. As shown in Fig. 4.1(a), interactions between agent and environ-
ment take place with the latter passing states (or observations) to the former, which executes
actions. Based on the actions performed, the agent receives a reward. The environment also
determines the transition to new states, which are fed to the agent, so that it can take other
actions, repeating the process until termination. The reward is a way to communicate to the
agent what to achieve, and it expresses how good certain actions are to achieve a predefined
goal. The concept of 'good’ and ’bad’ action is not necessarily binary and translating it into
a mathematical formulation is one of the most challenging parts of RL. The purpose of this
process is for the agent to learn a policy, which maps from states to actions, to execute the
optimal one at every interaction.

4.1.2. Markov Decision Process

The theoretical formulation of a RL problem is based on the time-discrete Markov Decision

Process (MDP), which is a mathematical framework for modeling sequential decision-making.

This is not the only possible formalization and not all RL problems are formulated as MDPs.
A MDP is defined by a tuple of 4 elements: states, actions, reward, and state transition

probability. In the RL problem formulated as MDP, the interaction between agent and envi-

ronment takes place at each time step of a discrete sequence (¢ = 0,1,...,n). At each time step

33
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Actions a; LAYER k-1
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St States Stt1

(a) Agent-environment interaction. (b) Neural network operations.

Figure 4.1: RL and NN architectures.

t, the agent is in a certain state s; € S, with § being the set of all possible states, and based
on this it executes actions a; € A, with A being the set of all possible actions available at this
particular state. As a consequence, the agent receives the next state s;11 and a scalar reward
Rii1(st,a,8¢41) € R < R, as shown in Fig. 4.1(a). The passage between the current and
the following state is regulated by the state transition probability P(s;i1, Rii1|se, a). It
represents the conditional probability of moving to the next state s;+1 (and receiving a reward
Ry+1), given the current state-action pair (s; and a;). In a dynamic problem, it is equal to the
propagation of the EOMs, given states and controls.

A system is defined as a MDP if and only if the state transition probability satisfies the
Markov Property. This property states that the transition from the current to the next state
solely depends on the latest state and action, which equivalently means that all the information
about the previous transition is entirely captured in the present state, as described in Eq. (4.1)

P(st+1, Rit1lse, ar) = P(se+1, Rev1lse, a, S¢—1,a4—1, ..., S0, a0) (4.1)

A generalization of the MDP, is the Partially Observable Markov Decision Process (POMDP),
where the agent cannot observe the entire state vector, but only a subset of observations. It
means that the ground truth is not completely known by the agent, limiting the amount of
available information. While a MDP maps states to actions, a POMDP maps observations
to actions. It represents many cases in the real world, where the agent has access only to a
representation of the underlying states, rather than the actual ones. Unlike MDPs, where the
executed actions are merely a function of the current states, in POMDPs past information
influences the decision to be taken at the current time step.

4.1.3. Return, Policy and Value function

Return

RL methods maximize the cumulative sum of future rewards. Therefore, it is not the immediate
reward at each time step to be maximized, but the cumulative reward over a trajectory (return
Gy) starting at time step ¢, as shown in Eq. (4.2). Hence, suboptimal local actions could be
taken, if they lead to a final larger return. For tasks with an undetermined final time, the
agent may continue to interact with the environment to increase the return, for an infinite
number of time steps (7" = o). To avoid this issue, the sum of future discounted rewards is
maximized:

0
Gy = Ryy1 + YRivo + V*Rips + o +97 'Ry = Z YRyt k41 (4.2)
k=0
~ is the discount rate and it represents the relative weight of future rewards with respect to
immediate ones. It is bounded to 0 < v < 1, so that rewards infinitely in the future have a
null contribution. If v = 0, only the immediate reward is taken into account, while if v = 1,
the return is a sum of all future rewards, equally weighted.
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Policy
The policy = is the law that rules the actions the agent takes based on the state it is in. It can
be deterministic a = 7(s), mapping a state to an action, or stochastic a ~ 7(als), representing
the conditional probability of taking action a, being in state s. The final goal is to execute the
optimal action for each state to maximize the return, resulting in the optimal policy 7*.

A trajectory is a sequence of n state-action pairs 7, = {(sg,a9), ..., (Sn—1,a,—1)) for the
n time steps in a single episode.

Value functions
In almost all RL problems, the value functions are present.

The state-value function represents the ”value” of being in a particular state. It ex-
pressed the expected return if the agent starts in a certain state s and acts according to the
policy 7 for the rest of the episode:

a0
Vi(s) = E (Gilsy=s) = E (Z V¥ Riphialse = S) (4.3)
k=0

E [-] denotes the expected value given that the agent follows policy .

T~T
The state-action value function is the expected return if the agent is in a state s,

executes action a and then acts according to the policy 7 for the rest of the episode:

0
Q" (s,a) = TIEW (G¢lst =s,a; = a) = TIEW (Z V¥R hi1lse = s, a = a) (4.4)
k=0
By following the optimal policy, the optimal state-value and state-action value functions V*(s)
and Q*(s) can be obtained:

V*(s) = max E (Gilst = s) and Q*(s,a) = max E (G|s; =s,ap =a)  (4.5)

The difference between these two value functions is called advantage function. It represents
how much a certain action is better than the one of the policy, by quantifying how much the
expected return is improved (or worsened) by taking a specific action a in state s, rather than
selecting the action accordingly to the current policy 7 (als):

A" (s,a) = Q" (s,a) — V" (s) (4.6)

4.1.4. Reinforcement Learning classification

The evolution of RL algorithms has led to different methods, making it is useful to classify them
according to some properties. This basic classification gives a high-level idea of the different
options available when using RL algorithms, but it is also useful to motivate design choices.

Model-based vs Model-free
The primary division that can be done is between model-based and model-free RL methods,
depending on whether a model of the environment is required for learning.

Model-based algorithms need a model of the environment dynamics, that could be either
provided to or learned by the agent. They are sample efficient, as they can predict future states
and evaluate the results of possible different actions. The drawback is that the agent learns
well how to behave in that particular environment but, since it is only an approximation of
the real world, it delivers poorly once deployed in the real world. Hence, the agent is limited
to performing well in a single environment. They are discarded in this thesis because the
environment of interest is highly uncertain.

Model-free algorithms rely only on the feedback the agent receives from the environment.
They do not require any knowledge of the model, making them more simple to implement and
flexible to different scenarios, at a cost of less sample efficiency. This flexibility is very useful
when the environment is not known, uncertain, or when the dynamics can change quickly.



36 Chapter 4. Reinforcement Learning

On-Policy vs Off-Policy

The policy is what the agent uses to interact with the environment and take actions during
learning, but it also is the final goal to be learned during the training. Depending on how the
algorithm differentiates between these two functions, it can be defined as on-policy or off-policy.

Off-policy algorithms use two different policies for exploring and updating. The policy
is updated by employing rewards and data collected using multiple different policies, such as
those at previous iterations. Hence, there is a decoupling between the learning process and the
update of the target policy. This allows for the collection of a wider number of data, making it
more sample efficient. However, having dissimilar data from multiple policies (different from
the current one) increases the variance and slows the convergence down. They are discarded
in this thesis because they are inefficient in training for complex problems.

On-policy algorithms use the same policy to explore and exploit. At each iteration, the
agent interacts with the environment using the most updated policy to make decisions. Several
simulations are run to collect states, actions, and rewards. Then, the policy is updated and used
to explore again at the following iterations. These algorithms are simple to implement because
only the most recently collected data is used, not requiring large data storing capability.

Value-based vs Policy-based
Two approaches can be used to reach the optimal policy: value-based or policy-based.

In value-based methods, the agent iteratively learns an approximation of the state or
state-action values to find the optimal value function, by evaluating the quality of all the states
and/or actions it experiences. The optimal policy is then derived, selecting the action with the
greatest expected return. These methods lack exploration, as the agent tends to choose actions
with favorable expected returns. While effective for discrete states and small-scale problems,
they require storing large amounts of data, which becomes impractical as the problem size
grows. Thus, they are discarded in this thesis.

In policy-based methods, the agent directly learns the policy, without estimating state
or action values. Not storing a large amount of data makes them suitable for large dimensional
problems. The policy is typically parameterized by a NN, updated to maximize the expected
return, using gradient-based or gradient-free methods. The agent learns a stochastic mapping
between states and actions, with probability distributions as output, so that exploration is
already included in the process. However, they are less sample-efficient (Arulkumaran et al.,
2017).

4.1.5. Exploration and exploitation

A major challenge in RL in balancing exploration and exploitation, during training. FEx-
ploration allows the agent to discover new state-action pairs that might improve the policy’s
optimality, while exploitation focuses on choosing actions that yield the highest return. The
agent’s goal is to maximize cumulative reward, so it tends to favor high-reward actions. How-
ever, in a new environment, without exploration, the agent won’t learn about potentially better
state-action pairs. Conversely, too much exploration without exploiting known rewards slows
down learning and convergence. Therefore, it is crucial to find the right balance.

The trade-off between these two components varies as the training proceeds. Initially,
exploration should be prioritized to discover new state-action pairs, while later stages should
emphasize exploitation to refine the policy for maximum return. Different RL algorithms
handle this balance in various ways. Stochastic policy algorithms explore by sampling actions
from a probability distribution during training and switch to deterministic actions during
deployment. Deterministic policy algorithms, on the other hand, add noise to actions or use
an e-greedy method, where the agent primarily takes greedy actions but occasionally explores
by selecting a random action with probability e.
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4.2. Deep Reinforcement Learning (DRL)

Early RL methods, known as tabular methods, stored values for each state-action pair, making
them suitable only for small, discrete problems. Discretizing continuous spaces can introduce
errors and exponentially increase the number of state-action pairs, leading to the ”curse of
dimensionality” (Bellman, 1984). To overcome this, function approximation techniques like
radial basis functions, fuzzy logic systems, and linear regressions were developed. Among these,
Artificial Neural Network (ANN) stands out as one of the best function approximation methods,
thanks to its ability to capture non-linear relationships in high-dimensional problems. Networks
with multiple layers are known as Deep Neural Networks (DNNs), and their application to RL
is known as DRL. They address high-dimension problems previously intractable, mainly due
to the computational limitations.

4.2.1. Artificial Neural Networks
ANNs are function approximators composed of interconnected nodes, called neurons, orga-
nized in subsequent layers, that mimic the structure of biological neural systems, mapping
inputs to outputs. The first layer (input layer) receives the inputs, the intermediate ones
(hidden layers) process the information, while the last layer (output layer) gives the final
outputs. Each neuron acts as a mathematical gate to propagate information forward, while
each layer captures different aspects of the information. Every neuron in one layer is connected
to every neuron of the adjacent ones. A weight and a bias are associated with each connection.
The simplest architecture is the so-called Fully connected NNs, or Multi Layer Per-
ceptrons (MLP). They learn the optimal set of parameters 0 (i.e., weights and biases) that
characterize the network, to find the best approximation of a function y = f*(x,0) which
maps inputs x to outputs y. In the following notation the superscript (k) indicates the k-th
layer, the subscript ;; indicates a connection between the i-th neuron in one layer and the j-th
neuron in the next, while ; indicates the i-th neuron in the current layer.

(%)

The first operation executed is a linear combination, for each neuron, of the weights w;;

(k—1) (k)

with the outputs from the previous layer y, , adding the biases w, s

N;
k k) (k—1 k .
zj( ) = Eng)yg )+ b§~ ) for j=1,..,N; (4.7)
i=1

Nj; is the number of neurons in the current layer and N; that of the previous layer.

These variables can be represented with vectors and matrices, for a more compact matrix
notation (Eq. (4.8)). The neuron rescales the output with an activation function and passes
it as output to the next layer’s neurons (Eq. (4.9)), as shown in Fig. 4.1(Db).

2 = wk)y =1 | (k) (4.8)

y® — o(z0) (4.9)

At the end of the last layer, a cost function (J) is calculated.

After the forward pass from input to output, the cost function is backpropagated through
the network, using the chain’s rule of derivative to compute the partial derivative of the error
with respect to the weights and biases, which are the set of parameters the NN depends on.

oJ  dJ oy®) oz(*)
ow®) — oy(k) oz(k) ow(k)

(4.10)

Using the derivatives, the set of parameters 0 is updated, for example using a gradient descent
step. This improves the ability of the network to accurately map inputs to outputs. Repeating
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this cycle for several iterations leads to a convergence of the parameters to the optimal set
of weights and biases to best approximate f* (Goodfellow et al., 2016). Algorithm 1 gives a
general overview of the forward pass and backpropagation of a DNN.

Algorithm 1 Feedforward and backpropagation

Initialize parameters 8 = w® p®)

ij
for k=1: N do > For every NN layer
zF) = wk)y(E=1) 4 pk) > Compute weighted sum for all neurons at k-th layer
y B = o (zk) > Apply activation function
end for
J=f (y(N ), 0) > Calculate output cost function (algorithm dependent)
for k=1:N do © o
0 . . .
av‘?,‘(]k) = aﬁéd aZUC) gfv<k) > Derivative cost wrt weights

end for
Update set of parameters 6

4.3. Overview of Deep Reinforcement Learning algorithms

In addition to value-based and policy-based methods, DRL algorithms include actor-critic
methods. These are hybrid algorithms, where the agent learns the value function and policy
concurrently, combining advantages from both. The actor learns the policy and selects the
action to take. Concurrently, the critic learns the value function which is used to evaluate
the goodness of the action, estimating the expected return. Value function and policy can be
learned with two independent networks or can be given as output from the same one.

4.3.1. Deep Q-Network (DQN)

Deep Q-Network (DQN) is the evolution of the Q-network method that uses NN, instead of
tabular data, to approximate the value function, allowing higher-dimensional data. It is a
value-based, off-policy algorithm, improving training stability with two innovative mechanism.

The first one is Experience Replay, which accelerates training by reusing past experi-
ences of states, actions, and rewards stored in a replay memory. During training, the agent
samples from this memory, allowing multiple updates using the same data, thereby reducing
the need for new interactions. However, each update becomes slightly less impactful.

The second mechanism is the Fixed Target Network, where the parameters of a second
value network are frozen, before being periodically updated to those of the value function
network, avoiding abrupt network parameters changes and improving the training stability.

DQN is limited to discrete action spaces, with computational time increasing as the action
space is finely discretized, making it inefficient for continuous control problems.

4.3.2. Policy Gradient Methods

Policy gradient methods are a policy-based family of algorithms, where the network learns a
mg. The output of the policy network provides a stochastic representation of the action space,
which is the probability of taking an action. Typically, the objective function to be maximized
is the expected cumulative sum of rewards.

T
J(0)= E ( ,Yth> (4.11)
% \t=0

E is the empirical average over a finite batch of samples from the policy distributions.
T~Tg
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The core principle of policy gradient methods is that, at each iteration, the policy param-
eters 0 are updated using the stochastic gradient ascent rule in the direction of the estimate
of the gradient with respect to the policy parameters VgJ(60):

0.1 =0, + anJ(@k)|9k (4.12)

a is the step size for the gradient step and Vg J(0) is a stochastic estimate of the gradient.

Policy gradient methods offer two key advantages over value-based ones: they handle
continuous problems, essential for space guidance applications, and they avoid overestimating
the value function because they don’t learn it at all. However, since they typically are on-policy
algorithms, they are less data-efficient, slowing down convergence performances.

4.3.3. Deep Deterministic Policy Gradient (DDPG)

DDPG is a model-free, off-policy algorithm with an actor-critic structure (Lillicrap et al.,
2019). It is a deterministic policy gradient algorithm that can operate over continuous state and
action spaces. It borrows experience replay and fixed target network from DQN to improve the
training stability. Rather than sampling from a probability distribution, it uses a deterministic
policy that outputs an action, adding noise (N) to introduce exploration.

W,(Stlgt) = W(St‘gt) + N (413)

Being an actor-critic method, it simultaneously learns a value function and a policy. DDPG
uses a conservative policy iteration on both the actor and the critic so that the target net-
work values are constrained to change slowly, to avoid drastic updates that can affect the
convergence.

4.3.4. Twin Delayed Deep Deterministic Policy Gradient (TD3)

Twin Delayed Deep Deterministic Policy Gradient (TD3) is an actor-critic, off-policy algo-
rithm that builds on DDPG to enhance performance, particularly by addressing value function
overestimation (Fujimoto et al., 2018). In an actor-critic model, policy and value updates are
deeply coupled, because the value estimates diverge when the policy is poor and, vice versa,
the policy degrades if the value estimate is inaccurate. Three strategies are used to mitigate
this.

The first one is the Clipped Double Q-learning, where two independent value func-
tions (Qe, and Qg,) are learned, and the minimum of the two is used for the target loss.
Underestimation is preferred as it’s less prone to propagate errors compared to overestimation.

The second strategy is the Delayed Policy Updates, updating the policy network at a
slower frequency compared to the value function to reduce the variance after several iterations.

The third strategy is the Target Policy Smoothing which adds noise to the target action
to prevent the policy from exploiting overestimated value function errors. The noise acts as
a regularizer, smoothing the value function to avoid policy overfitting. This avoids the policy
exploiting a peak due to an error in value function approximation.

4.3.5. Soft-Actor Critic (SAC)
Soft-Actor Critic (SAC) is an off-policy, model-free algorithm, that introduces a stochastic
component to improve DDPG, which is difficult to stabilize and sensitive to hyperparameters,
due to interactions between the deterministic actor and value function (Haarnoja et al., 2018).
Similarly to TD3, it includes Clipped Double Q-learning, training two independent
critic networks to avoid value function overestimation bias.
The other key feature is Entropy Regularization, which adds stochasticity to deter-
ministic policy optimization by maximizing a weighted sum of cumulative return and entropy,
balancing the exploitation-exploration trade-off. Entropy measures the unpredictability of the
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agent’s actions, promoting broader exploration of the state-action space and preventing the
agent from getting stuck in suboptimal regions. Entropy (H) is represented as a random
variable (z) retrieved from a probability distribution P (Eq. (4.14)).

H(P) = miEP[—logP(a:)] (4.14)
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T
JO)= E [Z ot (Rt(st, a;) + a?—[(ﬂg(-|st))>] (4.15)
« is the so-called temperature parameter, which controls the trade-off between entropy and
reward, regulating the stochasticity of the policy. This parameter requires to be tuned to find
the optimal level of entropy. After training, the stochasticity is typically removed to evaluate
the policy’s effectiveness by taking the expected value instead of sampling from a distribution.

SAC has outperformed DDPG and TD3 in various benchmark continuous control tasks.

4.3.6. Trust Region Policy Optimization (TRPO)

Trust Region Policy Optimization (TRPO) is an on-policy, actor-critic algorithm that con-
strains the policy update step within a defined trust region. As shown in Eq. (4.16), it up-
dates with the largest possible step to improve performance, while satisfying a KL-divergence
constraint, which is a measure of distance between the current and the previous probability
distributions of the policy. This constraint prevents the instability phenomenon experienced
by standard policy gradient algorithms, where an overly large gradient ascent step can result
in a destructive update. Using TRPO, this collapse is avoided and the performances improve
monotonically during training, as proved in the original paper (Schulman et al.; 2015).

7r
O0p,1 =arg max E {e(atMA:ek (st, at)}
) TNTer Wek(aﬂst)
Lo (4.16)
subject to_ E  [K L(mg(a|st)), mo, (a¢[st))] < 0

T'\'Tl'gk

0). and 6 are the set of parameters from the previous and current iterations, KL(:|-) is the
Ky
KL (Kullback-Leibler) divergence, and A, % (s, a;) is the advantage function, at time step t.

E [] represents the empirical average over a finite batch of samples, where each sample
TNﬂ'gk
t=0,...,T
(st,a;) is sampled from the old policy g, . %
klatist
certain action, given some observations, with the new and old policies.

represents the ratio between taking a

4.3.7. Proximal Policy Optimization (PPO)

PPO is an on-policy, actor-critic algorithm, considered an evolution of the TRPO algorithm
(Schulman et al., 2017). Unlike TRPO, which is a second-order method and is complicated to
implement due to the KL-constraint, PPO is a first-order method that includes the constraint
inside the objective function, facilitating the algorithm implementation. The concept of con-
servative update between two iterations, to avoid destructive updates, is actuated by limiting
the objective function using a clip operator. Recalling the policy probability ratio from TRPO
(Eq.(4.17)), it is forced to stay in a small interval around 1, clipping it with the hyperparameter
e. The clipped objective function is shown in Eq. (4.18)

T (at|st)
ﬂ-ek(at‘Sz)
JCUF (g) = T’\»Eg [min[ry(0), clip(r+(0),1 — €,1 + €)]A™% (s4, az) ] (4.18)
k
t=0,...,T

7¢(6) = (4.17)
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Figure 4.2: PPO clipped objective behavior.

The first term inside the minimum operator is the same objective as in TRPO (i.e., the product

ratio r and advantage A), while the second one is the clipped term. By taking the minimum
among the two, a conservative (but pessimistic) objective is obtained. The use of the clipped
objective function has been shown capable of respecting the KL divergence constraint, aiding
convergence by ensuring that the policy doesn’t change drastically between updates. Figure 4.2
shows the behavior of the clipped function for positive and negative advantages. For instance, if
the advantage function is positive, indicating that the chosen action is significantly better than
others, and the probability of taking an action at the current step is larger than the previous one,
the network’s parameters are updated to select similar actions in the next iteration. However,
the update is limited, to avoid exploiting too much that direction. Conversely, if the current
action gives a negative advantage, the large negative objective value is not clipped, so that
the parameters of the network are updated in the opposite direction, to avoid taking this bad
action again. Hence, this is done to avoid the exploitation of outliers and abruptive changes,
since the policy is updated at every iteration using an inherently limited set of data.

The objective function can be augmented with two terms. The first one is a quadratic error
term of the value estimation, which is added only if the policy (actor) and the value (critic)
are given as output from the same network. The second one is the entropy term, which can be
added to increase the level of exploration. It is reminded that exploration is anyways included
in PPO, given the stochastic policy from which actions are sampled. Equation (4.19) shows
the complete objective function, where ¢; and ¢y are two parameters to regulate the weights
of value function error and entropy exploration.

TPPO6) = T (0) — c1(Va(s) — Viarget)” + c2H(mo('[st)) (4.19)

The parameters are then updated with Stochastic Gradient Descent (SGD) using Eq. (4.12).
Since the advantage function is not known and it cannot be computed exactly, it is estimated,
usually with the so-called Generalized Advantage Estimator (GAE), which uses the estimation
of the value function. Therefore, the advantage function at time t; is estimated using Eq.
(4.20), while Eq. (4.21) represents the temporal difference error.

N-1
A= DT (V)R (4.20)

k' =k
O0p = R + ’)/Vkﬂ_fl(sk+1) — Vkﬂ-e (Sk) (4.21)

It is remarked that the policy keeps its stochasticity only during training, to explore vaster
spaces, while it is set as deterministic during deployment, by using the mean of the probability
distribution. Since it is an on-policy algorithm, the collection of samples is alternated with the
policy updates. In the rollouts, the agent interacts with the environment, using the current
policy to collect states, actions and rewards. Then, they are used to update the policy, using
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minibatch SGD for several epochs. Weights and biases are updated repeatedly, with results
from different minibatches, to reduce computational time and average out statistical outliers.
PPO shows great results on many continuous control benchmarks, outperforming TRPO,
using a much simpler implementation. It is vastly used in space guidance applications, currently
considered the state-of-the-art algorithm, due to its consistent and reliable performances.

4.4. Meta-Reinforcement Learning

Meta-RL applies Meta-Learning to DRL (Beck et al., 2023). The goal of any Meta-Learning
technique can be summarized in learning to learn. Unlike traditional RL, which trains a
single policy for a single task, meta-RL trains an agent to succeed in various slightly different
tasks T, sampled from a continuous distribution P(T), similarly to how humans leverage prior
experience for new, related tasks. This enables the agent to generalize and adapt its policy
efficiently, making it more flexible in new, unseen environments. Each task T represents a
different problem, with its own set of trajectories Dy = 7; (i = 1,...,n) and return Gr.

The objective of meta-RL is to train an agent on a limited set of tasks, enabling it to
perform optimally in any task within that distribution, even those not encountered during
training. The goal is to learn network parameters 6 so that mg(s|a; fo(T)) is the optimal
control policy for tasks T, maximizing the expected cumulative sum of reward over all the
different tasks. Hence, the objective function is:

TO) = 1 B {TNW('IEe(T)) [GT(T)]} 422)

Meta-RL addresses the challenges that traditional DRL algorithms face when solving multiple
related problems with varying environments or observations. Standard fully connected NNs
often struggle to specialize outputs for different tasks, typically requiring larger networks, more
data, and slower training. Unlike standard NNs, meta-RL excels in finding optimal policies
for problems that can’t be formulated as MDPs, such as POMDPs, where the optimal control
depends on both current and past observations.

Two common approaches to implement meta-RL are Model-Agnostic Meta Learning (MAML)
and memory-based NNs.

MAML, a gradient-based method, operates on two levels: an inner level updates param-
eters for a single MDP, and an outer "meta-update” tunes parameters to maximize returns
across all tasks using only a few interactions with the environment, as shown in Eq. (4.23).

INNER = 0l = 6., + aVeJU1(0)]g,,

OUTER =  O.41) = O + Bk [Ve ZT[j]~p(T) Jlil (9[]])%)] (4.23)
7 is one of the n-th tasks of the inner level and k is the k-th iteration of the outer level. B
is the step size of the outer level gradient step. This method is suitable for cases where the
agent has "few shots” to adapt to a new environment or task, to update its parameters, such
as a robot trained to cook in multiple kitchens that has to adapt to a new one, quickly.

The second approach uses "memory-augmented” neural networks, where the architecture is
modified to include internal memory, allowing the network to learn temporal sequences (Wang
et al., 2017). They use recurrent or attention layers, which help recognize features specific
to each task by leveraging internal parameters that track temporal sequences. This method
is particularly effective for tasks with the same dynamics but different uncertainties, enabling
the agent to use the network’s "memory” to recognize patterns and make better decisions.

Summing up, MAML learns on two levels, with the inner level that quickly specializes in
new tasks, while the outer level slowly tunes the network parameters for generalization across
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(a) Recurrent Neural Network, from Federici and Zavoli
(2024). (b) Architecture of a LSTM cell, from Federici (2022).

Figure 4.3: RNN and LSTM architectures.

tasks. On the other hand, memory-based neural networks are simultaneously trained on a
set of tasks embedding features from a task distribution, which helps the network efficiently
handle related problems. Additionally, MAML uses only one set of parameters 8, tuned with
standard backpropagation, while meta-recurrent networks have additional hidden states. These
two parameter sets facilitate faster convergence in uncertain dynamic systems, as hidden states
develop their own policies to address multi-task environments.

Hence, memory-based networks are chosen to be used in the landing guidance application
of this work, for their ability to recognize and generalize patterns across multiple tasks.

4.4.1. Recurrent neural network (RNN)
Unlike fully connected networks, RNNs retain memory to generalize an optimal control policy
across multiple tasks. This family of networks was initially born to complete sentences in sound
or language generation, where a single element depends not only on the last word. To enable
this characteristic, they contain at least one feedback connection. At each step, the network’s
output is given as feedback, retaining information about the input data’s temporal variation
through internal hidden states h. They are the essential constituent of RNNs, representing the
"memory” of the network that keeps track of temporal dependencies in the input data.
Figure 4.3(a) and Eq. (4.24) illustrate a single RNN cell and its unfolded representation,
where the output of a cell (y;) at a given time step ¢, does not only depend on the input data
(x¢) and the set of internal parameters 6, but also on the hidden states at the previous time
step (hy—1). The length of unfolding, which corresponds to how many timesteps are retained
by the hidden states, is a tuning parameter .

h; = o(wprhy—1 + WX + by) (4.24)

yt = o(wyrhe + by)
wir and by are weight and bias matrices and o(-) are activation functions. RNNs are trained
using backpropagation through time (BPTT). Similarly to Eq. (4.10), the calculation of gra-
dients is propagated for a number of time steps equal to the unfolding length of the recurrent
layer, allowing to capture time dependencies. However, when gradients are propagated for
many time steps, if they are too small or big, they tend to vanish or explode, losing informa-
tion several time steps away from the current input data point. This is a problem of standard
RNN, blocking the network from correctly understanding long-term dependencies. More re-
fined RNNs, such LSTM cells, avoid this problem.

Long-Short Term Memory (LSTM)

LSTM networks were specifically designed to solve the problem of vanishing/exploding gradi-
ents (Hochreiter and Schmidhuber, 1997). The key idea is to have an additional cell state c,
separated from the hidden state h;. While standard RNN structure contains a single layer,
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each module of the unrolled LSTM owns 4 interacting layers (or "gates”) to get from the input
to the output. The cell and hidden states act as a sort of summary of the most relevant feature
of the previous input sequence. While the hidden state can be considered the ”Short-Term
memory”, the cell state is the "Long-Term” one, capturing many time dependencies in the
data. During the forward pass, the four gates decide how much information to let go through,
as shown in the LSTM cell in Fig. 4.3(b). LSTM are very flexible also after training because
their weights and biases (0) are fixed, while the hidden and cell states are free to adapt to the
input sequence also during deployment. The components of the LSTM network are:

o Forget gate f: It creates the forget vector f, based on the current input x; and the
previous hidden state h;_;. By multiplying the previous cell state c;_1, it decides which
information to drop (i.e. forget) from the memory.

e Input gate i: Based on the current input x; and the previous hidden state h;_1, it
creates the input vector i;, that represents which values to update. The input vector is
transformed into a new estimate for the cell state ¢;, to be summed to the previous cell
state, representing the new information that is worth to be included in the cell state.

« Memory gate m: It updates the previous cell state c;_1, using the forget vector f; and
new cell state estimate C;, in order to obtain the new cell state c;.

e Output gate o: It gives as output o; the new hidden state hy, based on the previous
hidden state and on the current input and cell state.

4.4.2. Concept of attention

Transformer NNs offer an efficient alternative to RNNs for processing sequential data by us-
ing attention layers instead of recurrent layers. This design allows Transformers to process
sequences in parallel, unlike RNNs, which must handle inputs sequentially. Attention and
Transformers, introduced in 2017 in ”Attention is all you need” (Vaswani et al., 2017), revo-
lutionized Al, especially generative Al, becoming the foundation of Large Language Models
such as ChatGPT, Bard, Gemini, etc.

Before Transformers, RNNs and LSTMs were state-of-the-art for sequence modeling, but
they were inherently limited by their sequential processing nature, which prevents paralleliza-
tion and capturing long-distance dependencies. Feedback loops and hidden states in RNNs also
tend to prioritize more recent information, making it difficult to discern dependencies between
distant elements in a sequence. Attention-based networks eliminate these constraints, allow-
ing parallelization and capturing dependencies over any distance. Additionally, by processing
a sequence altogether, they do not compress past information in fixed-size hidden states, as
done in RNNs, avoiding suffering from vanishing/exploding gradients.

The attention mechanism works by calculating similarities between elements in sequences,
focusing on relevant parts for the task. Instead of creating a single context vector, as RNNs
do, attention assigns weights to each element (i.e., token) based on its relevance. It relies on
three components: query, key, and value, mapping a query and key-value pairs to an output
by determining the affinity between queries and keys, to which values are associated.

The query is a representation of the information being sought, guiding the model to
focus on relevant parts of the sequence. Each element of a sequence is associated with a
key. Therefore, a concatenation of the keys is a high-dimensional representation of the input
sequence. The value is the information linked with each key, depicting details or content
associated with it.

Keys and queries are compared, and their affinity gives a set of weights, called attention
score, used to compute a weighted sum of values and keys-queries pairs.

To summarize, a sequence is split into several tokens. For each token, three high-dimensional
representations are created: the query, the key, and the value. They are vectors in a hyper-
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space, encapsulating the meanings and features of the token. The similarities between keys and
queries are computed, to generate scores, which are used to update the values, using a weighted
sum. In this way, the "meaning” of each token is improved by updating its high-dimensional
representation, based on how different tokens relate to each other.

4.4.3. Transformer neural network
In the first implementation in Vaswani et al. (2017), the Transformer is composed of an encoder
and a decoder. The encoder maps the input sequence to an intermediate sequence of continuous
representation, which the decoder then uses to generate the output sequence one element at a
time, with each step’s output serving as input for the next, in an auto-regressive manner. This
is intuitive in a translation task, where the original sentence is first processed to an intermediate
meaning, which is then translated into the target language word by word.

An input embedding and a positional encoding preprocess the inputs. Then, a Transformer
layer is composed of a multi-head attention sub-layer and a feed-forward position-wise network
sub-layer, each with a residual connection around it and followed by a normalization layer.

Embeddings

Embedding is a step done outside of the Transformer block and it manipulates the data to feed
them as correct input to the Transformer. It converts data from an n x m input matrix to a
N X dmodel Matrix, compliant with the Transformer dimension. n is the length of the sequence,
while m is the size of the token. For instance, in this thesis, m is the number of states fed
to the network. d;,oge; 18 the dimension of the Transformer, also referred to as the attention
dimension. In natural language processing, this module also has the task of first converting a
token (i.e. word) into a numeric representation.

E=wgY +bg (4.25)

Y is the input data to the embedding layer, w and b are weights and biases and E is the
output of the linear embedding layer. If there are multiple Transformer layers (k > 1), the
embedding layer is only applied in the first one; subsequent layers use the output from the
previous one as their input. I¥ and H¥ are the input and the output of the k-th layer.

E k=1
k _
I _{ H1  otherwise (4.26)

Position encoding

In RNNs, the position of each token is inherently understood through sequential data pro-
cessing. However, Transformers process data in parallel and lack this information. Hence,
positional encoding is added to the input data using sinusoidal functions with varying wave-
lengths to encode elements’ relative positions in the sequence (Vaswani et al., 2017).

Multi-head attention

The Multi-head attention is the heart of the Transformer. The inputs to this layer are the
sequences of queries, keys, and values, made by n tokens with d,,.qe; dimensions. They are
projections of the input sequence into three different matrices. The layer outputs a weighted
sum of values, which is a function of the contextual similarity between queries and keys. It
represents the additional significance, based on the tokens’ similarity, to be added to each
original embedding to update their meanings.

If the queries and keys-values pairs come from the same sequence, the attention is called
self-attention, and it determines how relevant is a particular element with respect to other
elements in the same sequence. When time series are processed, it is useful to use a masked
version of the attention, so that tokens are compared only to previous elements. Usually, the
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mask acts by setting to negative infinity elements that appear in future time steps, using
activation functions, like softmax, that associate null weights to negative values.

For a single attention head, the attention function is computed simultaneously, using the
scaled masked dot-product, on a set of queries, keys, and values packed into matrices Q,
K and V (Eq. (4.27)). The dot-product between queries and keys represents how similar/co-
incident are two tokens representations, giving the scores for each pair. The softmax function
is applied to scale the weights between 0 and 1 before the weighted sum of the values. By
multiplying the attention scores by the values, only those values multiplied by high scores are
kept, filtering out irrelevant elements with poor affinity. The masked operator (x) is used
mainly in cases of temporal sequences.

A(Q,K, V) = softmax (X((jTI;T)> \% (4.27)

The outputs of an attention layer are "delta vectors” representing relationships between tokens,
to be added to the embeddings to modify and update their high-dimensional representations.
Instead of having a single attention head, with d,,,qe;-dimensional tokens, multi-head at-
tention is performed in Transformers. The original queries, keys, and values matrices are split
and projected h times (h is the number of attention heads), using different learned linear pro-
jections of dimensions dy, di, and d,, for each token. This allows to capture multiple nuances
of each element. The attention function (Eq. (4.27)) is applied in parallel to all the projected
queries, keys, and values versions yielding a d,-dimensional output. Finally, the outputs are
concatenated, resulting in the final d,,,4c;-dimensional values, as shown in Eq. (4.28).

Multi-Head Attention(Q, K, V) = Concat[Head;, Heads, ..., Headh]wo

4.28
where Head; = A(QW,Q,KWiKaQWzV) ( )

Z-Q € R¥moder X wk e R¥modet % gnd w) € R¥modet ¥ v are the matrices used for the projection

of queries, keys and values, respectively. w? e RIdvxdmodel ig the matrix to concatenate from the
multiple head attention. All these weight matrices are parameters learned by the Transformers,
adjusting and updating them during the training process, to give the optimal input-output

mapping.

Position-wise Feed-Forward Networks

A position-wise feed-forward network is applied to the output of the multi-head attention layer
so that the correct output from one Transformer layer is given as input to the next Transformer
layer. For the last Transformer layer, the outputs are the action probabilities (the so-called
logits). The feed-forward layer consists of two linear transformations with a ReLU activation,
applied to each position separately and independently (Eq. (4.29)). X is the input, while the
w and b the learned weights and biases. A ReLU is an activation function defined as the
maximum between its argument and zero.

A\%

f(X) = ReLU(0, Xw1 + by)ws + by (4.29)

Layer normalization and residual connection

Layer normalization is usually used in combination with residual connections around each sub-
layer (Ba et al., 2016). They are used in RNNs and Transformers to stabilize the hidden state
dynamics, to make training faster and more straightforward (Federici and Furfaro, 2024). The
two operations (Eq. (4.30)) are applied to each Transformer’s sub-layer independently.

Y = LayerNorm(X + SubLayer(X)) (4.30)
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”SubLayer” represents a function, such as multi-head or feedforward, X is the input to the
sub-layer, and "LayerNorm” is the layer normalization operation. The residual connection is
the operation between brackets in Eq. (4.30): a sum of inputs and outputs of the sub-layer.

The layer normalization is a normalization of the residual connection, and it is carried out
using its mean and standard deviation, as shown in Eq. (4.31).

[ 1
[0-] X dmodel

G € RYmodet*dmodel gand b € R%model gare weights and bias matrices, ® is the element wise
product operator and [-]xq,,,...5 |]nx are operations to adjust the dimensions. Y is the residual
connection output and p, o are the mean and standard deviation of the residual connection.

44.4. GTrXL
Due to their capability of grasping more distant relationships, attention-based networks pro-
vided significant gains in performance over LSTM in many SL domains, such as language
modeling. Their ability to efficiently handle sequential information would make them the per-
fect candidate for partially observable RL problems, where the trajectory spans a large number
of steps and the crucial observations for a decision are distributed over the entire length of the
episode (Parisotto et al., 2019). However, their use in RL problems didn’t take off rapidly, and
most of the problems are still solved using LSTM, due to the easier LSTM implementation
and the Transformer’s difficulties of converging to a meaningful policy.

Parisotto et al. (2019) proposed an evolution of the Transformer architecture, suited to be
used in a RL framework. This new architecture is called Gated Transformer XL (GTrXL).

Its structure, shown in Fig. 4.4(a-b), is similar to the standard Transformer. The two main
elements are the masked multi-head attention and the Position-Wise Feed Forward network.
However, the normalization layer is now placed before each sub-layer, and a gating mechanism,
is located immediately after each sub-layer, replacing the residual connection.

Considering that the objective of GTrXL is to process an input Y of total length L, the
sequence is first divided into 7 segments of length n, where each of the 7-th segments is

h(Y) = oY - [u]xdmode»] G + [blo (431)

Y:=[yr1,-- -, Yrn] ERV™, 7=1,...,L/n (4.32)

In the rocket landing problem, Y, is a sequence of n temporally consecutive observations (each
with dimension m). For the first Transformer layer (k = 1), the input Y, passes through the
initial encoder of fully connected layers, becoming E,. E. can be augmented by adding a
set of actions and rewards from the previous m time steps. Therefore, the input to the k-th
Transformer layer is I¥ and it follows the rule explained in Eq. (4.26). E, is a high-dimensional
representation of the input states sequence Y. Moreover, the input to the Transformer layer
is augmented by a memory, which contains the outputs of that specific k-th Transformer layer
from the previous T segments (Eq. (4.33)).

Mi = [Hﬁ—Ta Hﬁ—T+17 s 7H§'—1] (4.33)

It — [sg(vit) 1 | (4.34)

The augmented input, shown in Eq. (4.34), uses a stop-gradient operator sg(-), to keep the
memory constant during weight updates, preventing the gradient from flowing backward during
backpropagation. Then, it goes through the normalization layer (Eq. (4.35)).

N, =h(I}) (4.35)



48 Chapter 4. Reinforcement Learning

H,
Vi, ap
A GRU
F,
Position-Wise
q Feed
Linear layer syl
Ny,-
3 o
> GTrXL > 2
Hj, M, Masked
Mi Multi-Head Rf@
Attention
T T T Q- K. \A Relative
N, Positional
ENCODER (MLP) v Mo Encoding
— - I.T
E;
y
Input
Embedding
] eeewd [ f
LEERE M Y, M.
{ak-ms .- ap-1} {Rik-ms-- > Ri-1}
(b) Schematic of GTrXL module, from Federici
(a) Schematic of GTrXL-based neural network. and Furfaro (2024).

Figure 4.4: GTrXL network architecture.

After that, the queries QF, keys K* and values V¥ are generated to be fed to the multi-head
attention. The queries are generated only from the part of N’f,T referred to the current input
If, excluding the previous memory. The queries are compared to key-value pairs that contain
memory elements.

The output of the multi-head attention A is first passed through a ReLU, then through
the gating mechanism, together with the current input of the Transformer layer:

G = g(I¥, max(0, A¥)) (4.36)

The three final steps to get the output H¥ are: a second normalization layer (Eq. (4.37)),
a position-wise fully connected network (Eq. (4.38)), and a gating mechanism (Eq. (4.39)),
applied to the output of Eq. (4.36) and to the output of the fully connected network.

N5 = h(G}) (4.37)
F} = f(N5 ) (4.38)
HY = g(GF, max(0,FF)) (4.39)

Parisotto et al. (2019) found out that GTrXL achieved a stable, fast and reliable training.
In challenging, high-dimensional continuous environments, GTrXL consistently outperformed
LSTM in terms of policy performance and robustness to hyperparameter sensitivity.

This improvement is attributed to the placement of the normalization layer only on the
input stream of the sub-layers, allowing an identity mapping from input to output. This
helps during early training phases when the sub-layers output near-zero values, providing
untransformed observations to the policy and value outputs. This approach facilitates learning
a Markovian policy first, which is then refined with the use of memory to adapt to multiple
tasks (Parisotto et al., 2019). In standard Transformers, input sequences are divided into
shorter segments and processed one at a time. In contrast, GTrXL reuses its output from
previous segments as a form of memory, similar to hidden states in RNNs.
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Considering an architecture as in Fig. 4.4(a), the encoder input is composed by the last n
observations y; (from timesteps t —n to t). Thus, the GTrXL block takes the encoder output,
the memory M; composed of the last T outputs of the Transformer layer, and the last m — 1
actions and rewards as augmented input. The output of GTrXL H; passes through a linear
layer to obtain the current actions a; and value function V;. Recursively, the previous output
of the Transformer H; ;1 depends on the preceding n time steps and the previous memory
vector M;_1. Hence, each time step’s output relies on the most recent n steps of the most
recent trajectory and the T vectors from the last 7" GTrXL outputs, containing information
about the last T sequences of length n, from current and previous trajectories.

45. Trade-off

After presenting different RL algorithms and NN architectures, a trade-off analysis is performed
to choose the most suitable methods to achieve the goals of this thesis. The outcome of the
analysis is rationally explained, to show the critical thinking behind it. A set of criteria, shown
in Tab. 4.1 together with their explanation, is identified to drive the trade-off process.

Table 4.1: Trade-off criteria.

Criterion Rationale

Problem compatibility The method should be compatible and usable with the defi-
nition of the problem at hand.

Implementation availability | The method should be available in a library, or should be
implementable in a reasonable amount of time

Use in literature Is the method widely used and considered state-of-the-art?
Potential improvements Does the method bring innovation and improvements be-
yond current capabilities?

The trade-off for RL algorithms is straightforward. DQN is excluded due to its inability
to handle continuous actions, making it incompatible with the problem analyzed. It also
showed poor performances compared to PPO even in simpler problems (Wilson and Riccardi,
2021). DDPG, TD3, and SAC are also discarded as they are off-policy algorithms, using data
from outdated policies and making network updates less meaningful. In contrast, PPO is an
on-policy algorithm that offers better convergence, particularly in complex problems. It’s an
evolution of TRPO with easier implementation and it is widely used in continuous control
problems, including space guidance (Gaudet et al., 2020b; Federici et al., 2021). Furthermore,
Federici et al. (2023) found that PPO performs better than TD3 and SAC on the Earth-Mars
transfer orbit problem. Ray provides a PPO implementation compatible with recurrent and
attention-based NNs, unlike DDPG, TD3, and SAC which lack such implementations. Given
the time constraints of this thesis, it is unfeasible to develop and test such methods from
scratch. For the aforementioned reasons, PPO is chosen as RL algorithm.

Regarding NN architectures, simple feedforward networks are ruled out, due to their in-
ability to leverage past information to take optimal actions. Recurrent layers have been largely
used in literature, providing decent results in many space guidance problems, while attention-
based networks have been introduced more recently. For instance, Transformers have vast
applications in SL, but much less in RL. However, they have a huge potential in capturing
long-distance relationships in time series, improving results with respect to recurrent layers,
especially in complex problems. Therefore, it is chosen to explore the most innovative approach
in this thesis, to ameliorate the performances and to compare the results with the LSTM state-
of-the-art. The attention-based network used is the GTrXL (Parisotto et al., 2019), which is
developed as a modification to the vanilla Transformer to enhance its capabilities in RL. The
implementation is available in open-source libraries, such as R11ib-Ray.
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Simulator Development and
Verification

Figure 5.1 illustrates the top-level architecture of the simulator, highlighting its various mod-
ules. External forces and moments are calculated using the environment and vehicle models,
based on current states and controls. These are then input into the equations of motion block,
which outputs the propagated states. They are fed to the navigation module. If there is no
navigation model, the navigation outputs are the same as the inputs: the propagated states.
In this thesis, navigation errors are introduced as Gaussian white noise to simulate imperfect
state knowledge, producing the estimated states. They are fed to the guidance module, which
uses them to output the optimal control actions. The controls commanded by the guidance
system, consisting of fin deflections and thrust vector, are perturbed to represent imperfect
modeling of the actuators. Closing the loop, the actual states and controls are then used to
calculate forces and moments, to propagate for another time step.

Section 5.1 presents a preliminary integrator analysis, while all the following sections illus-
trate the verification of the models used in the simulator. Section 5.12 shows the models and
initial conditions used in the two simulation scenarios employed in this thesis.

5.1. Integrator

Based on the literature survey, the most used integrator in short-duration landing problems
is a fixed time step Runge Kutta 4th order (RK4) (Gaudet et al., 2020b, 2022). Since the
forces at play do not change significantly during the short flight, the same order of magnitude
of "dynamics speed” is exhibited throughout the entire simulation. Thus, given the absence of
different time scales, a variable-step integrator to capture them is not needed. Using a fixed
time step, increasing the integrator’s order would only add more prediction steps between time
epochs, increasing function evaluations and computational time. The running frequency of the
onboard G&C system constraints the simulation time step to be small, reducing local errors
and allowing for a lower-order integrator because the G&C frequent updates mitigate also
numerical errors.

An integrator analysis is performed to select the best time step, using the nominal optimal
trajectory. ode45 is chosen for two reasons: firstly, there are equivalent formulations in MAT-
LAB and Python (scipy), ensuring reproducibility and fair comparison between OCP results
in MATLAB and RL results in Python. Secondly, ode45 is a low-order integrator and it sup-
ports the use of a fixed time step, aligning with the earlier reasoning for opting for a fixed-step
low-order integrator. When using a fixed time step, ode45 is RK4. A third independent RK4
implementation is used to verify that the fixed time step versions of ode45 in MATLAB and
Python match the theoretical RK4 version. After this verification, the built-in MATLAB and
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Figure 5.2: Propagation of state variables using different time steps.

Python versions are used for their easy handling of event functions and data retrieval.

Afterward, a time step analysis is performed to trade-off accuracy and run time. It is
essential to keep CPU time low, as it significantly impacts the RL training process, which
involves hundreds of thousands of simulations. Figures 5.2(a-b) show results for two state
variables (r, and v,) using different time steps. They are representative of trends across all
variables, but only two are shown for the sake of conciseness. The simulation with a time step
of 0.01 seconds yields the most accurate results, but its runtime is too large to be used in
NN training. It can be immediately seen that a time step of 0.5 seconds is too large, giving
significant errors on both vertical velocity and z-position. For instance, the latter is 15 m,
exceeding the final position constraint. Simulations with 0.1 s and 0.05 s as time steps yield
similar errors, though the latter is discarded because it has double the runtime. A step of 0.2
seconds reduces the run time even more, to the detriment of an increase in terminal errors.
It is discarded because the error on vertical velocity is too large. By ending 0.15 s earlier, it
violates the restrictive terminal constraint of 2 m/s.

Therefore, a time step of 0.1 s is selected as an acceptable trade-off for the RL problem.
The simulation ends 0.02 s earlier, due to the larger time step, providing an error of 0.5 m/s
on vertical velocity. Table 5.1 shows the CPU times on an Intel® Core™ i7-8565U processor.

5.2. Frame transformations
All the relevant transformations between reference frames are verified, comparing the results
with analytical expression, using multiple angles, to ensure the same output.

UEN-frame to B-frame

One example of the verification is reported here. The transformation from the landing site
UEN reference frame to the body reference frame is defined by the attitude angles (roll, pitch,
yaw). The rotation matrix is the same as reported in Equation (B.12):

Csuen = Ci1(9)C2(0)Cs(¢) =
cos 0 cos cos @ sinvy —sinf
= | sin¢sinfcosy — cospsiny cos@cosy + singsinfsiny cosfsin g
sin ¢ siny + cos ¢ cosyPsinf cosPsinfsiny — cospsing cos ¢ cos O

(5.1)

Using for example a set of Euler angles equal to ¢p=45 deg, §=30 deg, 1»=60 deg, the unit vector

xyeNn = (0,0,1) should become %5 = (—1/2,4/6/4,1/6/4). The output of the transformation

function in the simulator is the same as the analytical one, verifying the correct implementation.
Similarly, every other frame transformation involved in the dynamics is verified.
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Figure 5.4: Atmosphere models verification.

5.3. Gravity model

The gravitational acceleration, using the central body analytical formulation, is plotted and
compared to the constant value of 9.7982867 m/s? from Table 3.1.

In Fig. 5.3, a comparison between the constant gravity value and the magnitude of the cen-
tral body gravity field (as in Eq. (3.25)) is presented. As expected, it shows a decreasing
gravitational acceleration with altitude, when considering a central body model.

5.4. Atmospheric model
The density of the US76 model is compared to that of the exponential atmosphere model,

as the two should be relatively close, given the small altitude variations considered in this
problem. Moreover, the US76 analytical model is compared to a lookup table provided by
Marco Sagliano. For US76, reference values are po=101325 Pa, py=1.224999156 kg/m> and
Tp=288.15 K at h=0 m, while H;=7050 m (corresponding to a constant temperature of 240 K)
and po=1.224999156 kg/m?> are used for the exponential atmosphere. Figure 5.4(a) shows the
three models, plotted up to 10 km of altitude, which is a reasonable altitude range for landing
scenarios with slightly larger initial conditions than the ones used in this thesis.

The density is coincident for the two US76 formulations, verifying the correct implementa-
tion of the analytical model. Moreover, there is an expected difference between the exponential
and the US76 densities, due to their different underlying assumptions, but a similar trend is
shown by both models, consistent with the assumptions. The local errors between US76 and
the exponential model are about 10% at 2 km of altitude, justifying the use of the more accu-
rate model. Furthermore, in Fig. 5.4(b), it is shown that the temperatures reflect the expected
trends of constant value for exponential atmosphere and linearly decreasing for US76.



5.5. Wind model 55

3000 3000 —
2500 ¢ 2500 ¢
52000 - 52000 |/
g g
E 1500 t E 1500
= e
= 1000} = 1000}
500 500
0 | AN O N 0 /
-10 -8 -6 -4 -2 0 4
Zonal wind speed [m/s] Meridional wind speed [m/s]
(a) East-west constant wind profiles. (b) North-south constant wind profiles.

Figure 5.5: 50 constant wind profiles for Kourou over a year.

3000 3000 :
— Perturbed —— Perturbed
2500 - ——1 profile |1 2500 —1 profile
——DMean ——Mean
— | — —1o
E 2000 — E 2000 e
] © -
E 1500 - 2 1500
- ﬁ
3=
= 1000 ¢ i 1000
500 - 500 -
0 0 —i— ;
-15 -10 -5 0 5 -5 0 5
Zonal wind speed [m/s] Meridional wind speed [m/s]
(a) East-west wind profiles. (b) North-south wind profiles.

Figure 5.6: 100 complete wind profiles for a single mean profile.

5.5. Wind model
The wind is modeled as the sum of a constant term, a turbulent one, and wind gusts.

For the constant component, a set of profiles from different days and hours over a year are
obtained from the Horizontal Wind Model 14. In Fig. 5.5(a-b), 50 constant profiles, equally
distributed over 365 days, are plotted, taking Kourou (French Guyana) as the location. These
figures show differences throughout the year, as well as a persistent trend where the zonal wind
component is consistently larger than the meridional one. As a new simulation starts, a profile
is sampled from this set, adding turbulence and gusts on top of it.

Figures 5.6(a-b) present 100 complete wind profiles for the horizontal east-west and north-
south components, where turbulence and gusts are superimposed to a single constant profile.
In some cases, the "cosine” shape that represents a discrete wind gust is clearly visible. 1o
and 3o dispersions are shown for the turbulence, illustrating the dispersion of wind velocities.

5.6. Aerodynamic Model
The aerodynamic models, both for the fins and the body vehicle, are verified by critical rea-
soning on the outcome of a set of cases. A few test cases are reported in Appendix C. The
results of these tests show that the aerodynamics of the body and fins are correctly modeled,
generating forces and moments with correct orientation, direction, and magnitude, as expected
from a qualitative analysis of the flight motion with certain aerodynamic angles.

An auxiliary sideslip angle is introduced to correctly calculate the aerodynamic coefficients
and the center of pressure locations, during the descent phase, when the vehicle has an angle
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of attack close to 180 deg (or -180 deg). It is defined as the supplementary angle of the sideslip
angle if the angle of attack is larger than 7/2 or smaller than —7/2 (i.e., cosa < 0):

fr=m—p if cosa<0 (5.2)

The reason for this auxiliary angle is that the aerodynamic database is two-dimensional. Hence,
the interpolation of the coefficients depends only on a single aerodynamic angle, rather than
both angle of attack and sideslip simultaneously. Thus, the computation of the aerodynamics,
for both the body of the vehicle and the fins, is decoupled for the two aerodynamic angles.
Since these aerodynamic forces are treated separately, this adjustment has to be done, to
ensure both aerodynamic angles are used correctly. Moreover, the ambiguity of the sideslip
angle and its supplementary angle stems from calculating it using the arcsin, which is bounded
it between £5. Given this boundary, for a vﬁ’y velocity, the sideslip angle is the same if the
vehicle is either ascending or descending, due to the arcsin and norm operators (Eq. (B.2)).
Since the aerodynamic data is based on an ascending rocket, the forces would appear the same,
though in reality, they have different directions. Therefore, during descent, the supplementary
sideslip angle must be used for accurate interpolation of the Cy coefficient, center of pressure
due to the sideslip angle, and fins aerodynamic coefficient on the yaw axis. Two examples of
the use of this auxiliary angle are presented during the verification of the center of pressure of
the body vehicle and the local angle of attack of the fins on the yaw axis, in Appendix C.1.1
and C.1.2. Figure C.2 also gives a visualization of 8*, clarifying its use during the descent
flight. Hence, its correct introduction and use are confirmed by these test cases.

5.7. Propulsion Model

The main concern with the propulsion force is the correct rotation from the propulsion frame
to the body frame, according to the TVC angles. Therefore, the verification of this rotation
is done for cases where the visualization of the thrust direction is straightforward. Similar
to what is done for the aerodynamics, a test case is reported in Appendix C.2, showing the
correct implementation of this model.

5.8. MCI Model

In Fig. 5.7(a-c), the verification of the MCI model is shown, confirming that the variable
model behaves as expected from the analytical expressions in Eq. (3.38), (3.40), and (3.41). It
demonstrates a decreasing center of mass and moments of inertia, as the mass reduces. Indeed,
the dry mass is concentrated in the lower part of the vehicle, where the engine elements account
for the largest part. On the other hand, the constant model shows constant values for the entire
mass range, as it should be. While the differences in inertia between the models are less relevant
in the dynamics equations, a CoM variation of more than 0.5 m strongly affects the lever arm
used in moment calculations, confirming the importance of using a variable MCI model.

5.9. MATLAB-Python comparison

Two identical flight simulators are developed for the OCP and RL parts, in MATLAB and
Python, respectively. This is done because typical Optimal Control solvers, such as GPOPS
or ICLOCS, have MATLAB implementations, while there are many Python libraries avail-
able, such as Gym, Ray, and Tensorflow, optimized to create a RL framework to train NNs.
Nevertheless, it must be tested that the outputs of two the two simulators are identical.

The verification consists of feeding the control outputs from the optimization into both
simulators, propagating the EOMs using the same integrator and interpolation methods, and
checking that the difference is always tiny, for all variables.

In Fig. 5.8, it can be seen the errors for one position, velocity, angular rate, and quaternion
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Figure 5.7: MCI models comparison and verification.
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variables, are between machine epsilon and 10™!!, confirming sufficient accuracy. The missing
data points indicate errors exactly equal to zero. All the other states present errors in the same
order of magnitude, or lower, but their figures are not reported, for the sake of conciseness.

5.10. Simulator verification

5.10.1. Benchmark choice

A benchmark is chosen to compare and verify the flight simulator and optimal control solu-
tion developed in this thesis. The work from Lee and Lee (2022) is identified as the most
compatible problem, because it is the only one implementing a feedback policy, using thrust
magnitude, TVC, and fins as guidance outputs, as in this thesis. They develop a multi-phase
guidance strategy for a reusable rocket, in a 6-DOF framework, for both aerodynamic descent
and powered landing phases. Due to the interest in only the powered landing phase, all the
considerations about the aerodynamic descent are not reported here. The reference vehicle of
the benchmark is the same one used in this thesis, as shown in Table 2.1. The initial conditions
of the benchmark are summarized in the "Benchmark Scenario” column in Table 5.2.

They develop a guidance system that aims at a fuel-optimal precise pinpoint landing,
satisfying path constraints on vertical angle, angular rates, maximum and minimum thrust
magnitude, deflection angles, and rates of TVC and fins. Different from the direct optimization
method used in this thesis, the benchmark paper solves the problem using SCvx methods.

The benchmark introduces some assumptions to facilitate the solution and convergence of
the convex optimization process. For example, the reference frame is centered on the landing
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Figure 5.9: States nominal trajectory. - Benchmark scenario

site, but assumes inertial, neglecting the fictitious forces introduced by the Earth’s rotation in
a rotating frame. Furthermore, wind is not included, while constant gravitational acceleration
and constant center of mass and inertia are used. To replicate the benchmark, these assump-
tions and simplified models are kept, but for the "Complete Scenario” the complexity of the
models is increased, to reduce the gap between simulation and results.

5.10.2. Verification

After the verification of each block, the entire simulator is verified in two steps. First, the opti-
mal trajectory for the Benchmark scenario is computed using the direct optimization method
explained in Chapter 6. The results are compared with those obtained by Lee and Lee (2022).
Even if two different optimization methods are employed, the outcome should be similar. Af-
terward, the optimal controls from each node are fed into the simulator in open-loop, to check
the physical feasibility of the OCP solver’s discrete solution.

In Fig. 5.9(a)-(d), the translational and rotational states for the Benchmark Scenario are
shown, comparing the outputs of the OCP software at each node to the open-loop solution
obtained by interpolating the controls and propagating the dynamics, using ode45 with a time
step of 0.1 s. The nominal optimal trajectory is generated with direct optimization. A direct
collocation with Hermite-Simpson transcription method is used in ICLOCS, as explained in
Section 6.1.1. The optimal trajectory is obtained using six mesh refinement iterations, starting
with 15 nodes and ending with 297, taking a total of 2 hours and 27 minutes. It can be seen
that the propagated open-loop trajectory closely follows the solutions at the nodes, meaning
that the optimal one is physically feasible. The propagated trajectory ends 0.03 s before
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Figure 5.10: Controls nominal trajectory. - Benchmark scenario

the terminal node, introducing small errors in the terminal states, such as at cm level for the
horizontal position. However, this is less than a single time step, and it is due to a combination
of the tolerance errors of the discretized optimal control solution and numerical integration and
interpolation errors. In Fig. 5.10(a)-(d), the controls are shown, confirming that the discretized
and interpolated variables are nearly identical.

Moreover, the time series shown are very similar to those presented by Lee and Lee (2022).
The final time is 12.23 seconds, and the fuel mass depleted is 242.72 kg, very close to the values
obtained by the authors of the paper taken as the benchmark: 12.12 s and 247.40 kg. The
differences are due to the different optimization methods used.

This concludes the verification of the flight simulator, showing that each module has been
correctly implemented and that the entire software is capable of replicating literature results.
Also the OCP setup is verified, comparing its results to the solution of the Benchmark paper.

5.11. Model choices verification
This section explains the choices of the models used in RL, visualizing some results. As shown
in Table 5.2, the models used in the OCP to replicate the Benchmark Scenario from Lee and
Lee (2022) are the simple ones. However, they are not adequate in an operational scenario,
missing out on several realistic aspects of the flight that affect the trajectory.

To address this, open-loop simulations are conducted using more complex models from
Table 5.2, such as variable MCI, central body gravity, wind, and Earth’s rotation, while using
controls from the simpler Benchmark scenario.
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This approach assesses how more realistic models affect the rocket’s behavior using optimal
controls from simplified models, serving as a proxy for modeling errors of lower fidelity models.

Figures 5.11(a-e) show some state variables from the open-loop simulations using controls
from the "Benchmark Scenario”, but increasing one-at-a-time the complexity of each model.

The introduction of wind significantly impacts the results, creating lateral forces that
cause horizontal drifting, leading to up to 40 m of horizontal terminal position, larger than
the 10 m constraint. Neglecting the wind, which is present in real missions, also leads to 8
m/s horizontal velocity and 24 degrees of vertical angle, violating the 1.5 m/s and 3-degree
constraints, respectively. The wind changes the angle of attack, modifying the aerodynamic
forces and moments applied to the rocket, altering also the rotational motion. Out of the four
models considered, wind is the only one that affects roll motion because it directly influences
the combination of aerodynamic forces generated by the four fins. Thus, it is fundamental to
introduce wind modeling in the RL training to include these realistic effects.

Similarly, running an open-loop simulation with varying CoM and inertia introduces con-
siderable errors with respect to the simulation with constant values. With variable CoM, the
pitch and yaw moment arms change throughout the flight, compared to the fixed ones from the
Benchmark trajectory. The combination of lever arm and actuator deflections determines the
correct steering moment for the vehicle. Therefore, if the actual moment arm differs from the
simulated one, the moments generated by the fins and TVC vary from those calculated with
a constant moment arm. This discrepancy alters the rotational motion, and consequently, the
translational one, leading to up to 10 m/s of horizontal terminal velocity, exceeding the 1.5
m/s constraint. Also, the errors in position and vertical angle are larger than their constraints,
up to 15 m and 7 degrees, respectively. This effect is more pronounced towards the end of the
flight, where the thrust is maximum. Thus, including a variable MCI model in RL is crucial
for accurate results. The influence of larger moments on the deviation from the translational
trajectory confirms the need for a 6-DOF formulation.

Conversely, the introduction of the Earth’s rotation and the central body gravity accel-
eration are almost negligible. As already anticipated in Section 3.3.2 and Section 3.4.1, the
open-loop simulations confirm that the errors introduced by lower fidelity models are expected
to have small orders of magnitude, due to the low altitude and velocity of this problem. How-
ever, these two more complex models are used in this thesis because they reduce the gap with
real-world flights without increasing the runtime, as done by Sagliano et al. (2021a) to test
the guidance strategy in conditions as close as possible to those experienced by a real vehicle.
This choice also makes the simulator more flexible and adaptable to flights at higher altitudes
and velocities, where simpler gravitational and rotation models generate larger errors.

50« 20 -
ok
.g oL 'g' -20 -
EN w
< o OCP & o OCP
—— Variable MCI 0L Variable MCI
Ear.th rotat10¥1 Earth rotation
-- -Va.rlable gravity - - -Variable gravity
—— Wind —— Wind
-50 ‘ : : -60 : ‘
0 5 10 15 0 5 10 15
Time [s] Time [s]
(a) Horizontal Y Position. (b) Horizontal Z Position.

Figure 5.11: Comparison open-loop simulations using higher fidelity models.



5.12. Simulation scenarios 61

10{ o OCP 10¢,
Variable MCI %
5 Earth rotation St
- = -Variable gravity
—_— —— Wind — 6
w0 n
\ 0 N \
A E 4
> Of N
IS > 2 o OCP
Variable MCI
-104 ol Earth rotation
- = -Variable gravity
——— Wind
-15 : . . -2 : : !
0 5 10 15 0 5 10 15
Time [s] Time [s]
(c) Horizontal Y velocity. (d) Horizontal Z velocity.
0 gy T
[«P)
E -10 =~ = -Variable gravity
Variable MCI ——— Wind
\@ 20 | Earth rotation
0 2 4 6 8 10 12 14
20 S
Ei
= 0
>
-20 ‘ ‘ ‘ ‘ ‘ ‘ ‘
14
"a0
[<P]
=,
= |
14

(e) Euler angles

Figure 5.11: Comparison open-loop simulations using higher fidelity models. - Concluded

5.12. Simulation scenarios

After having verified the flight simulator and optimal control solution with the simpler sce-
nario used in the Benchmark paper, the fidelity of the simulation is increased by employing
more complex models and extended initial conditions. Table 5.2 shows a summary of the two
scenarios. The rationale behind the choices of initial conditions in the Complete Scenario was
already given in Section 2.5.

The choice of more accurate environment and vehicle models in the Complete Scenario is
driven by the desire to reduce modeling errors and the simulation-reality gap. The rationale
behind these choices is presented in the error analysis done in Section 3.4, and illustrated in
the model choices verification done in Section 5.11. A trade-off is performed for each model,
to improve the accuracy of the simulations, without excessively increasing the runtime.

The following chapters use the Complete Scenario, embedding more accurate models to
produce realistic guidance and control strategies.
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Table 5.2: Model and initial conditions comparison.

Model Benchmark Scenario ‘ Complete Scenario
Earth rotation No Yes
Atmosphere US76 US76
Gravity Constant Central body
MCI Constant CoM & Inertia | Variable CoM & Inertia
Wind No HM14+turbolence+gust
Initial position [m] (600, 50, -50) (2000, 200, -200)
Initial velocity [m/s] (-60, -10, 10) (-100, -25, 25)
Initial attitude [deg] (0, 20, 20) (0, 20, 20)
Initial angular rate [deg/s] (0, -10, -10) (0, -5, -5)




Optimal guidance and control

In this chapter, the conventional optimal guidance and control is developed, to be compared
with the results from RL. Section 6.1 explains the choice of the optimization software, col-
location method, and mathematical formulation of the problem. Section 6.2 illustrates the
optimal trajectory in the Complete Scenario, and presents the evaluation of the optimality of
the solution. Finally, Section 6.3 describes the LQR controller design process and presents the
results of two Monte Carlo closed-loop campaigns, using two different controller architectures.

6.1. Optimal Control Problem setup

6.1.1. ICLOCS2
The software chosen to generate the offline optimal trajectory is ICLOCS2 (Nie et al., 2018). It
is an open-source toolbox developed to solve a set of OCPs on MATLAB, providing flexibility
and a wide selection of solution methods, facilitating the design and implementation process.
ICLOCS2 offers only a direct transcription method but many options are available dis-
cretization methods, NLP solvers, and derivative calculations. For a comprehensive descrip-
tion of the options, the reader may refer to Nie et al. (2018) or to the GitHub page !. The
transcription method used in this thesis is direct collocation, while the NLP solver is IPOPT,
an Interior-Point Optimizer (Wichter and Biegler, 2006). Other solvers like WORHP and
fmincon are discarded. The first does not provide a MATLAB interface, while the second is
slower with a higher chance of failure.

6.1.2. Hermite-Simpson direct collocation method
Direct collocation is a method used to transcribe an infinite-dimensional OCP into a large,
sparse NLP problem, which is then solved using an NLP solver. The NLP problem consists in
minimizing a cost function, satisfying a set of states and controls constraints at the collocation
points (Betts, 2010). Transcription is a process that includes domain discretization, discrete-to-
continuous conversion of states and controls, and characterization of differential and integral
operators (Sagliano et al., 2017). Hence, the continuous functions are discretized as polyno-
mial splines, transcribing differential dynamic constraints into a set of algebraic constraints
(Kelly, 2017). The order of the spline and the distribution of collocation nodes depends on the
discretization method used. The constraints, such as the state equations, path constraints, or
boundary conditions, are expressed as equalities or inequalities relationships.

The discretization method used is Hermite-Simpson, which is a h-method that uses a large
number of trajectory segments and low-order polynomials for interpolation, expressing the
states as cubic polynomials, and the controls as piecewise linear functions. As shown in Fig.

"https://github.com/ImperialCollegeLondon/ICLOCS
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Figure 6.1: Example of Hermite-Simpson collocation method. Taken from Topputo and Zhang (2014).

6.1, in the Hermite-Simpson direct collocation method, the state and control NLP variables
(Tg,uk, The1, Uks1), as well as the state time derivatives (f(xg,ug),f(xg+1,uk+1)) are set at
the nodes (t, tx+1) of each discretization interval. In this way, a third-order polynomial is
constructed to satisfy the EOMs only at the nodes. At the midpoints (¢.) of each trajectory
segment, the polynomial is interpolated and the difference (A) with respect to the dynamics
equations is calculated. Minimizing this difference, and the other path constraints, the NLP
solver optimizes the selection of states and controls at the nodes (zx,ug, i1, ug+1) to produce
a polynomial that approximates the dynamics within the accuracy of the numerical integration
(Topputo and Zhang, 2014).

Tests have also been done with hp-methods such as hpLGR (multiple Legendre-Gauss-
Lobatto (LGR) polynomials of various orders) and globalLGR (a single global LGR polynomial
of high orders), but the results were worse. The optimization took much longer, due to a very
large increase of nodes after a pair of mesh refinement iterations. Based on discretization
errors, the software offers the possibility to let the algorithm automatically choose the most
suitable discretization method, and it every time chose the Hermite-Simpson one.

6.1.3. Mathematical formulation of OCP

Starting from the initial conditions described in Table 5.2, the purpose of the guidance algo-
rithm is to find the optimal trajectory for pinpoint landing, consuming the least amount of fuel
possible. Thus, the goal is to maximize the terminal mass of the vehicle. Expressed in Mayer
form, the objective function is:

J = o[x(ty), ty] = —mlty) (6.1)

The chosen reference frame is UEN. It is remarked that all the quantities are expressed in
the correct UEN frame, but the reference frame superscripts and the time dependency are
dropped for easiness of notation.

After having tried both options, it was found out that using the TVC and fin deflection
angles as controls would persistently lead to their rate constraints violation, due to the inability
of the software to correctly account for them. Therefore, to enforce the constraints on the TVC
and fins rates, they are used directly as control variables. Therefore, the state is augmented by
adding the TVC and fin deflection angles as state variables, representing a first-order system.
Hence, the state variables are 21:

X = [I‘, V,w,q,m, T7 €T, wTv /Bfins,pitchl ; 5f’ins,pitch2a Bfins,yaw3a Bfins,yaw4] (62)

The control variables are 7: the thrust magnitude and the TVC and fin deflection rates:

(6.3)

[ T €r> 'lvbT’ ﬁfins,pitchl’ Bfins,pitchQ’ ﬁfins,yawii’ Bfins,yauA]

At each collocation node, the following set of constraints must be satisfied. The first constraints
to be satisfied are those related to the dynamics of the problem.

x = f[x(t), u(t)] (6.4)
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Therefore, the state equations are a set of 21 equality constraints:
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Moreover, there are three path constraints, one as equality constraint and two as inequality
constraints, expressed as:

gL < g[x(?),u(t)] < gv (6.6)

The first one is to ensure that the norm of quaternions is equal to one.

VE+ @+ @ +a=1 (6.7)

The glideslope constraint limits the flight of the vehicle within a prescribed cone with origin

on the landing site.
Tx

[ 32 2
T'y+T'Z

The vertical angle, which is defined as the angle between the Xp axis and the Xypny axes,
limits the inclination of the vehicle with respect to the landing site frame orientation.

> tan v, Ygs = 20 deg (6.8)

Omaz < arccos (cos 6 cos ) Omaz = 70 deg (6.9)

This NLP is a two-point boundary value problem, because there are boundary conditions on
state variables at both the initial and final time step, in the form of:

Y[x(to), x(t)] = 0 (6.10)

The set of equality constraints in Eq. (6.11) represents the state variables’ initial boundary
conditions, with values taken from Table 2.2. No initial condition is imposed on the controls.

T‘x(to) = Txg Ty(tO) = Ty Tz(tO) =Tz
vz (to) = Vg vy(to) = vy, vz(to) = vz
we(to) = Wy wy(to) = wy, wx(to) = wx
q1(to) = q1, a2(to) = g2, a3(to) = g3, qa(to) = qa, (6.11)
m(to) = mo er(to) =0 Yr(to) =0
Binpitcn1 (to) = 0 B fin pitch2(to) = 0
Brinyaws(to) =0 Bin,yawa(to) =0

The set of equality constraints in Eq. (6.12) represents the state variables’ final boundary
conditions. They all are equality constraints, except for the mass, which is bounded between
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the vehicle’s dry mass and its initial mass. Furthermore, the "augmented” state variables are
not constrained at the terminal time step.

ry(ty) = CoMIFN m ry(ty) = 0m r.(ty) = 0m
vz(ty) = 0m/s vy(ty) = 0m/s vx(ty) = 0m/s
we(ty) = 0deg/s wy(ty) = 0deg/s w,(tf) = 0deg/s (6.12)
qi(ty) =0 q2(ty) =0 g3(ty) =0 qa(ty) =1

Mry < m(tf) < 4000 kg

The terminal state for the altitude is chosen such that the simulation terminates when the
bottom of the rocket touches the ground.

Some states and all control variables are subject to inequality constraints, bounding them
between upper and lower limits throughout the trajectory, based on the requirements.

—15deg/s < wy(t) < 15 deg/s — 15 deg/s < wy(t) < 15 deg/s
—15deg/s < w,(t) < 15deg/s 40 kN < up(t) < 100 kN
—10deg < e < 10 deg —10deg < Y7 < 10deg
—25deg < Bin piten1 (t) < 25 deg — 25 deg < Brinpiten2(t) < 25 deg
—25 deg < Btinyaws(t) < 25 deg — 25 deg < Bfinyawa(t) < 25 deg (6.13)
—15deg/s < ue, (t) < 15deg/s —15deg/s < u,,_(t) <15deg/s
—200 deg/s < UG o mitent (t) <200 deg/s — 200 deg/s < Ui ivens (t) <200 deg/s
—200 deg/s < Ua s v (t) <200 deg/s — 200 deg/s < Ui s (t) <200 deg/s

6.2. OCP Results

6.2.1. Nominal trajectory

The nominal optimal trajectory for the Complete Scenario is generated without wind and
uncertainties. Compared to the Benchmark Scenario, the thrust range is here reduced by
about 10% on both boundaries, using [45, 90] kN instead of [40, 100] kN. This provides a
control action margin for thrust magnitude in the closed-loop simulations.

To optimize the trajectory, numerical derivatives are chosen over analytical ones due to two
main issues. Firstly, computing analytical derivatives requires the use of symbolic toolboxes
in MATLAB or Python due to the multiple coupled relationships between state variables.
Secondly, errors were found in ICLOCS when handling analytical gradients, Jacobians, and
Hessians, even in simpler cases. Unfortunately, they could not be fixed. The use of automatic
differentiation tools like ADiGator was ruled out due to compatibility issues.

All variables in the optimization are scaled using min-max normalization, ensuring they are
bounded between -0.5 and 0.5. In this way, all the EOMs are in the same order of magnitude,
which is beneficial for the solver. The maximum and minimum values for scaling are the
user-defined allowable limits for each variable.

ICLOCS has many tunable parameters and trial and error runs were performed to find
the best combination which increases solution accuracy and convergence speed. Some funda-
mental ones are the number of mesh refinement iterations, the initial number of nodes, and
the discretization method. It has been noticed that the optimization problem is very sensitive
to the tuning of these parameters, giving different results even for small changes.

The best set of parameters found includes five mesh refinement iterations and 10 uniformly
distributed initial nodes. The final number of nodes grew to 447, and the optimization process
took 14 hours and 6 minutes. The mesh refinement process adds nodes in intervals where local
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errors exceed user-defined tolerances. Since the software does not allow for a direct selection of
the number of nodes, this choice is influenced by the two user-defined parameters that regulate
the maximum and minimum distance between two nodes. For this optimization, a minimum
node distance of 0.0035 s was chosen, without limits on the maximum distance.

The initial guess for the state variables is a linear interpolation between initial and terminal
values, expressed in Eq. (6.11) and Eq. (6.12). The TVC and fin deflections are initially set
to zero. The initial guess for the control variables is the following: the thrust magnitude is set
constant to its minimum value, while the TVC and fin deflection rates are set to zero.

Figures 6.2(a-d) show the plots for the translational and rotational motion state variable,
superimposing the open-loop propagated solution to the discretized OCP one. Since they are
coincident, the Hermite-Simpson splines for the states and controls respect the true dynamics
not only at the nodes but in the entire trajectory, meaning that the OCP solution is physically
feasible. Moreover, terminal and path constraints are respected. For example, 15 deg/s of
rotational rates are never exceeded, while the vertical angle is always below the maximum
allowed, given that the pitch and yaw peaks are distant in time. More interestingly, it can be
observed in Fig. 6.3 that the thrust correctly captures a bang-bang min-max profile, which is
known to be the optimal one in undisturbed cases (Lu, 2018). Finally, also the TVC and fin
deflections are close to bang-bang profiles, respecting their rate constraints. Given a lack of
literature and since they all coordinately affect the rotational motion, it is hard to infer the
optimality of these profiles. What is noticed is that both fins in each set have a coordinated
deflection, to maximize the effect on their rotational axis.
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Figure 6.2: States nominal trajectory. - Complete Scenario
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Figure 6.3: Controls nominal trajectory. - Complete Scenario

6.2.2. Optimality of the solution
The optimality of the solution is evaluated using the Hamiltonian, which is the product between
the costates and the state derivatives. According to the Pontryagin Maximum Principle, the
solution is optimal when the controls are chosen to minimize the Hamiltonian, from the set of
possible controls U that satisfy the state and control constraints (Bryson, 1979).

u = argmin #H (6.14)

ueld

Considering the 6-DOF dynamics from Eq. (6.5), and the absence of a Lagrangian cost term,
the corresponding Hamiltonian is:

H o= Aef + AV + Aw@ + Aqd + Agrve Brve + g Brins + Amiit (6.15)

Theoretically, if the generated trajectory is optimal, it would yield a Hamiltonian close to zero
for the entire simulation time. The mathematical reason for this is that there is no explicit
time dependency in the EOMs and the time of flight is a free optimization variable. Therefore,
the total time derivative of the Hamiltonian is equal to its partial derivative with respect to
time. Since the derivative of the Hamiltonian with respect to time is zero (Eq. (6.16)), the
Hamiltonian is constant. Moreover, at the final time, it is constrained by the partial derivative
of the Mayer cost term with respect to the final time (Eq. (6.17)). Given that the final time
is unknown and the Mayer term does not explicitly include it, this derivative is zero, implying
that the Hamiltonian should be zero and constant everywhere.
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Figures 6.4(a-b) show that, in both cases, it is very close to the expected result. The
deviations from the exact zero are due to the numerical tolerance used in the optimization
software. By reducing the tolerances on state and control variables, or increasing the number
of nodes or mesh refinements, the solution’s optimality improves, bringing the Hamiltonian
closer to zero. However, smaller tolerances increase computational time, making it challenging
to find an optimal trajectory within a reasonable timeframe. Therefore, a trade-off between
optimality and computational time is necessary. Eventually, with the chosen tolerances, the
optimal trajectories are generated, and the corresponding Hamiltonians, shown in Fig. 6.4(a),
are deemed to be acceptable. In fact, the optimal trajectory serves only as a good reference
that needs to be tracked when all the perturbations are added.

Additionally, the Hamiltonian error increases in the final flight portion, occurring when
thrust magnitude shifts from minimum to maximum. As thrust increases, the optimizer strug-
gles more to enforce the required tolerance, leading to larger errors between the nodes.

The costate derivatives Ay are the derivative of the Hamiltonian with respect to the states
x, taken with a negative sign.

: oH

Some observations can be made on some costate vector components, to verify the solution’s
correctness and optimality. For instance, neglecting higher-order dependencies, such as those
in the atmospheric or gravity model, it could be stated that, as a first-order approximation,
the Hamiltonian has no explicit dependency on position. Hence, the derivatives of the position
costates should be zero, and, consequently, the position costates should be constant. Indeed,
Fig. 6.5(a) confirms these predictions. Similarly, velocity costates should be approximately
linear, since they are the integral of the position costates, as confirmed in Fig. 6.5(b).

Ultimately, given the transversality condition in Eq. (6.19), the final value for the mass
costate should be -1. Indeed, the final derivative of the Mayer cost (—my) with respect to the
mass is -1, as shown in Fig. 6.5(c).

0P

axhos, (6.19)

Alty) =
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Figure 6.5: Example of costates for the Benchmark Scenario.

6.3. Closed-loop simulations

The optimal trajectory is found for a nominal scenario, with given initial conditions, without

winds and uncertainties. If open-loop simulations are run, including these effects, they diverge

from the nominal trajectory, ending up far from the landing site, with dispersed final states.
Hence, under the assumption of perfect knowledge of the navigation state, an LQR con-

troller is designed to close the GNC loop. The goal is to track the optimal nominal trajectory,

removing the errors generated by wind, uncertainties, and dispersed initial conditions.

6.3.1. Linear Quadratic Regulator (LQR)
A LQR is a controller based on the optimal control theory for linear systems, where a linear
quadratic cost function (Eq. (6.20)) is minimized, balancing the state errors and control efforts.

a0

J = f (xQxT + uRu’)dt (6.20)
0

Here, xQx" represents the state errors, while uRu” the control efforts. Q and R are the

weighting matrices that balance how much state deviation and control effort are allowed, di-

rectly affecting the controller response.

A method, known as Bryson’s rule (Bryson, 1979), can be used to tune Q and R matrices
for the required performances, using a proportionality between the matrices diagonal entries
and the maximum allowable errors on states and controls, as shown in Eq. (6.21). Each i-th
diagonal element of the Q or R matrix corresponds to the i-th state or control variable.

1 1
Q = diag { A } R = diag {Au?} (6.21)

max max

A linearized system is used, expressed as:
Ax = AAx + BAu (6.22)

Ay = CAx + DAu (6.23)

Ax € R" and Au € R™ are vectors representing the deviation from the reference state (xo)
and control (ug) vectors, respectively. A € R"*™ and B € R"*™ are state and control matrices
calculated as the derivatives of the equations of motion, with respect to the state and control
vectors, respectively, computed at the reference states and controls. Ay € RF is the deviation
output vector, while C € R¥*™ and D € RF*™ are the output and the direct transmission
matrix, with the latter usually set to zero. Given the state feedback, the control deviation is
calculated in Eq. (6.24), while the control gain matrix K is presented in Eq. (6.25).

Au = -KAx (6.24)

K = R 'BP (6.25)
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P is a positive definite matrix, obtained as solution of the Riccati equation, in Eq. (6.26).
ATP+PA-PBR'BP+Q=0 (6.26)

The Riccati equation is solved by the 1qr command in MATLAB, which outputs the solution
P, the optimal control gains K and the eigenvalues of the closed-loop system.

6.3.2. LQR controller synthesis process

A LQR controller is chosen due to its design simplicity and widespread use in Multiple Input
Multiple Output (MIMO) systems. Unlike other feedback control techniques, such as Pro-
portional, Integral, Derivative (PID) controllers, where gains are obtained by pole placement,
LQR gains are obtained through an optimization problem (Mooij, 1998). LQR loses some of
its most attractive properties when not all the states of the controlled system are available.
For example, in estimation-state based LQR, there might be small perturbations that bring
the stability margins to zero. Though more advanced techniques could be employed, for the
sake of keeping the design simple, LQR was selected, by assuming perfect states knowledge.

Given the changes in the dynamics, constant feedback gains would not provide sufficiently
accurate performances over the entire operational range. For instance, dynamic pressure sig-
nificantly varies throughout the flight, strongly affecting the control authority of the actuators.
Thus, gain scheduling is performed, generating gains for different flight conditions.

The controller architecture consists of two loops. The outer loop adjusts the translational
motion providing the trajectory corrective thrust magnitude and attitude actions, while the
inner loop controls the rotational motion stabilizing the attitude and angular rates using TVC
and fins deflections. This decoupling relies on the fact that if the rotational dynamics is at least
one order of magnitude faster than the translational one, frequency separation takes place, and
therefore the two loops can be designed separately.

In Fig. 6.6, the controller architecture is detailed. In the outer loop, the measured posi-
tion and velocity are subtracted from the references provided by the guidance block. These
differences are multiplied by the outer loop K matrix, to produce the necessary delta thrust
magnitude and Euler angles attitude, which are summed to their reference values. In the inner
loop, errors between reference and measured Euler angles and angular rates are multiplied by
the inner K matrix to compute the delta TVC and fin deflections, which are summed to their
reference values. Since LQR cannot satisfy any constraint by definition, a numerical rate lim-
iter and a deflection saturation are applied to the control variables, according to the physical
constraints of the actuators. Thrust magnitude, TVC, and fin deflections are the control inputs
to the plant, where the EOMs propagate the dynamics to the next time step. The measured
states are the output of the plant and are given as feedback to the controller loops.

The process used to design the controller is inspired by the one used in Sagliano et al.
(2023), involving the following main steps:

1. First of all, it is chosen to synthesize the controllers at 20 operating points.

2. The altitude is selected as the scheduling parameter because it decreases monotonically,
and the rocket is not intended to hover. The 20 operating points are evenly distributed
at 100-meter intervals between 1950 m and 50 m.

3. The EOMs are linearized, to obtain a Linear Time Invariant (LTT) system, using numeri-
cal linearization, because the interrelationships between the states in different equations
and the use of a lookup table for the aerodynamic coefficients, make analytical lineariza-
tion not practical. The linearization is performed around reference states and controls
evaluated along the trajectory at the operating points, using central finite differences.

4. For each operating point, Q and R matrices are chosen and the K matrix is calculated us-
ing the MATLAB 1qgr.m routine to solve the Riccati equation. The resulting K matrices
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Table 6.1: Weights for Q matrix. . .
Table 6.2: Weights for R matrix.

Error variable ‘ Error value

Error variable ‘ Error value
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1/}max . eg A¢ 0 1 de
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AWy, 00 0.01 deg/s A0 01 dos
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are stored in lookup tables, for interpolation during the simulations.
5. To check the performances, linear analysis of time response in the LTI system is done.

6. Finally, closed-loop non-linear uncertain 6-DOF simulations are run with the controllers,
interpolating the K matrices based on the altitude.

To achieve the desired performance, the LQR controllers must be carefully tuned. The
Q and R matrices regulate the K and are adjusted using Bryson’s Rule. The tuning process
is iterative, and not straightforward. If the linear or non-linear analysis shows insufficient
performance, the Q and R matrices are adjusted, returning to step 4. If the controllers do not
cover the entire trajectory, additional operational points may be added in step 2. The Q and
R matrices act as weights prioritizing certain variables and are refined iteratively by adjusting
weights based on the error in key variables until satisfactory results are achieved.

The tuning is done for the nominal trajectory, with linearized dynamics, while perturba-
tions are added later. Once the satisfactory results are achieved, the weights are frozen and
the K matrices are saved, to be used in closed-loop simulations. Table 6.2, lists states and
controls maximum allowable errors used in the diagonal elements of Q and R matrices.

Gain scheduling is then performed for each channel, linearly interpolating the gains in
between two operational points (h; and h;41), according to the scheduling parameter (h). The
altitude channel, used as scheduling parameter, is removed from the feedback gain matrix.

K(hit1) — K(h;)
h — h;

The unit step response is used to evaluate controller performance in response to a sudden
step input change. It shows how quickly the system reaches the desired output, if there’s a
steady-state error, and whether the transient response is stable, oscillates, or diverges from
the steady-state. The step response helps in tuning the weights of the Q and R matrices. For
instance, if the response is too slow or has large steady-state errors, the R matrix is reduced
to allow more control effort, or Q elements are increased to enforce smaller state errors.

This linear analysis excludes perturbations, using nominal initial conditions and linearized
dynamics. It only indicates the tuning quality on a set of states close to the ones where the
linearization takes place.

After proper tuning, Monte Carlo campaigns are conducted to assess the controllers’ perfor-
mance on a non-linear 6-DOF scenario, including uncertainties and dispersed initial conditions.
The robustness of the G&C policy is tested against external perturbations, which are not em-
bedded neither in the nominal trajectory (guidance), nor in the LQR design (control). However,
correctly tuned controllers can compensate for these errors, up to a certain extent.

K(h) = K(h;) + (6.27)
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Figure 6.6: Controller architecture.

6.3.3. Results

The tuning process of the LQR controllers is lengthy and not trivial. The success of the 6-DOF
simulations heavily depends on the chosen weights for the controllers, which are highly sensitive
to small changes due to the strong coupling between translational and rotational motion.

For example, in the inner loop, TVC deflection angles control rotational motion by trans-
lating attitude and angular rate errors into thrust moments, directing part of the thrust vector
perpendicular to the longitudinal axis of the rocket. However, the effectiveness of the deflec-
tion in creating moments depends on thrust magnitude, which is controlled by the outer loop.
Hence, there is a clear relationship between the two loops, even if their gains are designed inde-
pendently. For instance, the inner loop TVC gains do not take into account the actual thrust
during the closed-loop simulations, but they are pre-calculated to create deflections based on
the nominal trajectory, which uses minimum thrust for most of the flight. However, an issue
can arise when the thrust magnitude is increased in the outer loop to correct for translational
errors. It can induce too large moments that cannot be counteracted by the fins alone, due
to their limited surface area and decreasing dynamic pressure, as the rocket approaches the
ground. This can potentially make the vehicle unstable, so that it may point with the ogive
down, or start to rotate quickly without the possibility to recover from such conditions. Thus,
while the two loops work correctly if taken singularly, in reality, they are coupled.

One solution to this issue is to synthesize less aggressive controllers. By allowing larger
errors and encouraging smaller control efforts, the thrust magnitude is increased less drasti-
cally, and the TVC deflections are more limited. This generates actions that deviate less from
the reference ones, avoiding unexpected, destructive moments. However, the drawback is that
larger errors propagate during the simulations, more often leading to terminal constraints vio-
lation. Finding the correct weight matrices that trade off accuracy on the terminal constraints
while avoiding instability is a long and delicate tuning process. A faster outer loop with larger
thrust adjustments reduces position and velocity errors but can negatively affect the inner
loop. Similarly, a more aggressive inner loop reduces steady-state error in the linear analysis
but may create large moments, leading to instabilities in some non-linear simulations.

Hence, it is accepted to have larger terminal errors and a steady state error in the inner loop,
as a compromise to prevent instabilities in the non-linear analysis. In the 6-DOF perturbed
Monte Carlo campaigns these issues are exacerbated especially due to initial dispersion, which
introduces significant initial errors that the controller tries to compensate for.

The step responses of two state variables for the inner and outer loop are presented in
Fig. 6.7(a,b). Each line represents the controller at 20 different operating points, from an
altitude of 1950 m (hg) to 50 m (hy). It stands out that the outer loop is slower, but it does
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Figure 6.7: Linear analysis LQR tuning.

not present a relevant steady-state error. Conversely, the faster inner loop has a steady-state
error, reduced as much as possible to increase the ability to fulfill terminal constraints without
causing instabilities. Figure 6.7(c) confirms the frequency separation, with the inner loop’s
bandwidth being one order of magnitude larger than the outer one, indicating that rotational
motion is faster than translational motion, as it should be in a two-loop controller architecture.

Figures 6.8 show the states and controls for the Monte Carlo closed-loop campaigns, in-
cluding wind, uncertainties, and initial dispersions as presented in Table 2.2. The controller
runs at 10 Hz, commanding updates every 0.1 s, while the dynamic propagation is one order
of magnitude faster, with a time step of 0.01 s. The nominal trajectory tracked is the one pre-
sented in Fig. 6.2, while the controllers are synthesized using the Q and R matrices shown in
Table 6.2. Out of 1000 runs presented, they all manage to track the nominal optimal trajectory
to a certain extent, with no one that diverges significantly. This is remarkable since LQR is
not an inherently robust control technique because it does not account for model uncertainties
and disturbances.

Terminal attitude (Fig. 6.8(g-i)) and vertical velocity (Fig. 6.8(d)) consistently remain
within prescribed constraints, while position, horizontal velocity, and angular rates are the
most commonly exceeded terminal values.

The final position dispersion has a bias, most likely due to the influence of the wind,
because the E-W wind (y-axis) component is almost always negative, blowing up to 15 m/s
during the entire flight (Fig. 5.6a). As it can be seen in Fig. 6.8(b), all trajectories deviate from
the nominal one, resulting in terminal position values shifted by several meters (Fig. 6.10(a)).
This effect is less pronounced on the z-axis, since the N-S wind is weaker (Fig. 6.8(c)).

When the outer controller compensates for the position error, it influences the horizontal
velocity. Figures 6.8(b,e) show that close to the end of the flight, the y-velocity component
increases positively to correct the negative y-position. However, since this component is already
slightly positive at the end of the nominal trajectory, this effect is enhanced, violating the
terminal y-velocity constraint in a significant number of cases (Fig. 6.10(c), Table 6.4).

The balance between the last two mentioned effects depends on the tuning of the controllers.
What has been noticed is that giving too high gains to the horizontal velocities can bring
unrecoverable instabilities in the first half of the flight, due to the too large moment induced
by a significant thrust magnitude increase. Thus, these gains are kept low.

Figures 6.8(j-1) show local violations of the 15 deg/s angular rate constraint during flight.
While the nominal trajectory enforced this in the mathematical formulation, LQR does not ac-
count for constraints. Hence, if the controller commands corrections that significantly increase
angular rates, nothing can be done to limit them. Since this is not a hard constraint, as long
as the vehicle can handle these large rates without diverging, they are accepted.

The angular rates terminal constraint violations are caused by the shape of the nominal
trajectory. As shown in Fig. 6.8(k,l), the nominal angular rates y- and z-components have a
significant curvature in the very terminal phase. This sudden change takes place because the
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rocket arrives inclined from a horizontally displaced position, and brings its vertical angle to
zero only in the final seconds. In a rapid sequence, the vehicle first decreases the angular rates
from 0 to -10 deg/s to go toward a vertical attitude and then reduces them to 0 deg/s to meet
the angular rates constraints, keeping the vehicle vertically. If there is even a slight error of 1-2
m/s in tracking the velocity, the rocket does not have time to drive the angular rates to zero,
landing with a few negative degrees per second of residual values. In these cases, the vehicle
could only meet the terminal constraints on angular rates and vertical velocity if it could fly
a few more centimeters below ground, which is impossible. Moreover, given the larger vertical
velocity, the last control update before touchdown is done at a slightly higher altitude, giving
reference angular rates larger than zero. The combination of worst angular rates tracking, due
to a less aggressive controller, and larger landing velocity leads to the constraint violation.

This hypothesis becomes clear when looking at Fig. 6.10(b): there is a batch of results,
using the controller architecture explained in Section 6.3.4, that have terminal rates around
the target. Those are simulations where the vertical velocity is zero at a few centimeters above
ground, giving the vehicle enough time to correct the angular rates.

Thrust magnitude, TVC, and fin deflection profiles, presented in Fig. 6.8(m-p), show that
the controllers are not very aggressive. Deviations from the nominal controls are concentrated
in the first part of the flight, where the state errors are large due to the very dispersed initial
conditions. For example, the initial thrust is almost always commanded to the maximum,
even if the reference would be at the minimum value. Similar trends are present for TVC and
fins. Additionally, some corrections are present mid-flight, where wind and uncertainties play
a significant role. Finally, while the inner loop controls show minor deviations at the end of
the flight, the thrust is significantly changed to counteract position and velocity errors.

Given the good terminal results, it also means that the extensive tuning procedure has
been performed decently, since with LQR there is no way to impose constraints a priori.

In any case, the coupling between guidance (outer loop) and inner loop (control) clearly
shows that improvements can be made to the architecture. More sophisticated control tech-
niques could be introduced, accounting for this coupling, but going beyond an LQR. controller
is outside of the scope of this thesis. Hence, modifications to the current architecture are done.

6.3.4. Addition of RCS

As first change, TVC deflection angles are moved to the outer loop, addressing the issue of
thrust moments generated by controls from both loops, originally designed to be independent.
In this new architecture, the feedback gains corresponding to the TVC deflections are synthe-
sized while intrinsically accounting for the thrust magnitude. With this change, the outer loop
controls the translational motion of the vehicle generating forces along the body axes, thanks
to the combination of thrust magnitude and TVC deflections.

However, a new issue arises: the thrust vector in the outer loop not only generates forces for
translational motion but also induces moments on the pitch and yaw axes, impacting the inner
loop. Ideally, with sufficient frequency separation, the inner loop actuators quickly compensate
and maintain the desired attitude and angular rates. However, the inner loop’s only actuators
are the fins, which lack sufficient control authority due to their small size and low dynamic
pressure. Figure 6.9(a) shows that the peak moment generated by the fins is generally lower
than the moment generated by thrust. The fins reach their peak effectiveness at around 20
seconds when the velocity is about 60 m/s and their local aerodynamic angles are maximized.
While thrust-generated moments are unaffected by flight conditions, the ones created by the
fins depend on the vehicle’s attitude and dynamic pressure. After 27 seconds, as the velocity
drops below 20 m/s, the fins’ effectiveness sharply decreases. Control profiles in Fig. 6.3(g-h)
indicate that the fins are nearly always at maximum deflection, but the dynamic pressure is
too low to generate significant moments (Fig. 6.9(a)).
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Figure 6.8: Closed-loop 1000 Monte Carlo simulations results.
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Figure 6.9: Moments generation analysis and step response second LQR architecture.

Therefore, fins alone do not provide enough control authority to control the inner loop,
and additional actuators have to be introduced.

Other than aerodynamic surfaces, a very common set of actuators to control the attitude
of a vehicle during terminal landing, as well as in space, is the RCS. It can be made of cold gas
thrusters, mono-propellant, or bi-propellant hypergolic thrusters. For the Falcon 9 first stage,
the RCS consists of eight nitrogen cold gas thrusters arranged in four pairs radially around the
rocket, similar to the placement of the fins (SpaceX, 2021). Each pair has two thrusters fixed
in opposite orientations at each location. These thrusters are used during the exoatmospheric
phase as the primary control mean, while in the terminal landing they assist aerodynamic fins
in controlling attitude and angular rates at low dynamic pressure.

In the first design iteration, the RCS is added to the inner loop and it is modeled to
provide control moments around each body axis, while the generated forces are neglected in
the translational equations due to their smaller magnitude compared to the thrust force. The
allowable torque generated by the RCS is preliminarily limited to 9000 Nm on the pitch and
yaw axes. With the booster measuring 15 m in length and the center of mass positioned
about 3.5-4.5 m from the bottom, placing the thrusters near the top creates a moment arm of
approximately 10 meters. The available thrust magnitude depends on the type of propellant:
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Draco bi-propellant hypergolic engines used on the Dragon capsule produce up to 400 N,
while the upgraded SuperDraco reaches 73 kN (SpaceX, a). Ariane V used a mono-propellant
hydrazine engine that generates 420 N for attitude control (ArianeGroup, 2020). The Space
Shuttle used hypergolic bi-propellant engines to control attitude during separation, on-orbit
operations, and re-entry, with 38 primary engines generating 3869 N each, and 6 Vernier engines
producing 111 N each (Blevins and Hohmann, 1975).

While Space Shuttle, Dragon, and Ariane V are different-sized vehicles with different RCS
missions, Falcon 9 is more similar to the reference vehicle in this thesis. These other vehicles
primarily use RCS when the fuel mass is still significant, whereas, during terminal landing,
Falcon 9’s fuel mass is close to the dry mass of the first stage, reducing the torque needed
for the same angular acceleration. Considering that SpaceX preferred nitrogen-based cold gas
thrusters over the already developed hypergolic Draco engines for reliability, hazard avoidance,
and rapid reusability, it is reasonable to assume a maximum thrust of 450 N per thruster,
close to the Draco thrusters’ output. It is hard to find any source of reliable information to
confirm this hypothesis. This assumption also ensures that the generated force is negligible in
the translational motion, so the 9000 Nm torque limit on the pitch and yaw axes is achieved
by the 10-meter lever arm and the 450 N thrust from two thrusters directed along the same
axis. Given a rocket radius of 0.75 m, the moment is limited to 1350 Nm on the roll axis.

The RCS torque limit poses a ceiling on the inner loop’s control authority. Also in this
architecture, if the outer loop controller is too aggressive in correcting position and velocity
errors, it could generate excessive moments that the inner loop actuators (fins and RCS)
cannot counteract, potentially destabilizing the rocket. In a real space vehicle design, once
encountering such limitations, a new design iteration would take place, possibly involving
different RCS actuators or increasing their distance from the center of mass. However, iterating
on the vehicle design is beyond the scope of this thesis.

Therefore, a careful tuning of the Q and R matrices is performed. In this architecture, the
controllers are more aggressive than the previous one, but still with caution to avoid unstable
or divergent simulations. However, as improvement, the steady-state errors present in the inner
loop of the previous architecture are almost eliminated, as shown in Fig. 6.9(b).

Figures 6.10(a~f) show the terminal state dispersions with the current controller architec-
ture, compared to the Monte Carlo campaign using the previous version without RCS.

The inclusion of RCS allows the inner loop to control the rocket’s orientation more quickly,
minimizing the impact of the thrust vector’s torques in the outer loop. This enables the outer
loop to be more aggressive in correcting position and velocity errors without destabilizing the
rotational motion. Moreover, moving the TVC to the outer loop allows the outer controller to
use the entire thrust force for more direct and effective corrections.

The separation between the two loops is particularly beneficial in the final seconds of flight
when the vehicle’s velocity drops, and the coupling between translational and rotational motion
increases. During this phase, fins have minimal control authority due to low dynamic pressure,
making the thrust vector influence both motions. Using only TVC, both loops must be less

Table 6.3: Statistic of Monte Carlo campaigns using different LQR architectures.

Training Norm Hor-| Norm Vertical | Norm Vertical | Mass
izontal Po-| Horizontal | Velocity | Angular | angle Consump-
sition [m] | Velocity [m/s] rates [deg] tion [kg]

[m/s] [deg/s]

Mean\ Std Mean\ Std Mean\ Std Mean\ Std Mean\ Std Mean\ Std

TVC+fins| 6.94 | 2.18 |[1.45 | 0.40 |-0.53 | 0.61| 3.73 | 1.73| 0.55 | 0.25] 502.3 | 11.48
RCS+fins | 3.55 | 1.04 |[1.39 | 0.35 |-0.59 | 0.68 2.44 | 2.11| 0.28 | 0.17| 500.5 | 11.77
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Table 6.4: Success rates and failure causes

Training | PSR (out | Altitude| Horizontal | Horizontal | Vertical | Angular
of 1000) position velocity angle rates

TVC+fins| 390 0 76 347 0 440

RCS+fins | 570 0 1 212 0 310

aggressive to prevent instabilities from interacting TVC deflections and thrust magnitude.
However, with additional actuators to decouple the motions, the interactions are reduced,
allowing the outer loop to correct for wind-induced position errors more strongly, while the
RCS in the inner loop maintains a stable attitude, leading to more effective final corrections.

In this second scenario, the position constraint is always respected (except for one run),
with a lower mean value (Table 6.3). Figure 6.10(e) shows that the vertical velocity is always
tracked within its terminal constraint limit, with similar mean values in both cases. Figure
6.10(c) illustrates that the horizontal velocity constraint is sometimes violated, for the same
reasons as explained for the first LQR architecture. However, the mean terminal value is
slightly lower and fewer runs exceed this constraint, as shown in Table 6.3 and 6.4.

A larger separation between the inner and outer loop also helps the terminal accuracy of
the rotational motion. Figure 6.10(d) and Table 6.4 show that the vertical angle is always below
the threshold, while Table 6.3 reveals that the mean is reduced when the RCS is included.

The angular rates are also improved by adding the RCS, even if they do not fulfill com-
pletely the terminal constraint, for the same reason as explained for the first architecture.
However, Fig. 6.10(c) and Table 6.4 indicate that fewer runs violate it. From Fig. 6.10(h) and
Table 6.3, it can be seen that the inner loop better tracks the angular rates, when the RCS is
used. As the terminal velocity increases, the norm of angular rates gets larger. Indeed, when
the rocket lands with zero vertical velocity, at a few centimeters of altitude (Fig. 6.10(f)), the
norm of angular rates is almost zero. This confirms the correlation previously hypothesized
between terminal vertical velocity errors and angular rates’ tracking.

To conclude, it can be said that adding the RCS in the inner loop and moving the TVC to
the outer loop helps in decoupling the translational and rotational motion. As a consequence,
the controllers can be more aggressive, since less strong interactions are present between the
states, and the performances of the closed loop simulations improve. The number of successful
runs respecting the constraints is increased from 390 to 570, as shown in Table 6.4.
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Meta-Reinforcement Learning
Guidance

This chapter starts with an explanation of the development and implementation of the meta-RL
guidance policy in Section 7.1. Section 7.2 presents the reward function and how it is created.
Section 7.3 illustrates all the results, starting from Section 7.3.1 with the baseline results on
which the following sections are built. Section 7.3.2 assesses the sensitivity to the network’s
hyperparameters, while Section 7.3.3 compares GTrXL results with LSTM. The robustness
of the policy to navigation and control errors is assessed in Section 7.3.4, while Section 7.3.5
presents the results adding RCS as controls. Furthermore, additional trainings are performed
removing some inputs to the network in Section 7.3.6, while Section 7.3.7 describes a patch
to improve the terminal vertical velocity. Finally, Section 7.3.8 illustrates the best training,
including a thrust rate constraint to make the policy more realistic. Section 7.4 presents a
preliminary budget analysis of the power drained by the actuators. Section 7.5 shows the
Lyapunov numerical method used to assess the stability of the policy.

7.1. Meta-RL guidance algorithm

Development and implementation
The guidance system employs meta-reinforcement learning to determine the optimal closed-
loop guidance strategy for landing a space vehicle. This method allows the agent to use its
past experiences to select the best control action at each time step. The policy is represented
as a Probability Distribution Function (PDF), based on the agent’s current state. After being
trained, the outputs during the deployment are the expected value of that PDF.

As for the conventional G&C strategy, the control vector output of the policy is composed
of 7 elements: thrust magnitude, two TVC deflection rates, and four fin deflection rates:

u = [Ta éTa w.T? Bfins,pitchl ) /Bfins,pitchQ 3 Bfins,yawy Bfins,yaw4] (71)

The choice of the rates instead of the deflection angles is driven by the necessity of enforcing
constraints on both the rates and the deflection angles.

The inputs to the neural network are all the observations x available from the dynamics.
If the states are not perturbed, the observations are coincident with the states.

X :[TxaryaT27vxavy7UZaww7wy’wza q1,492,43, 44,

(7.2)
€T, TZJT, ﬁfins,pitchl ’ ﬁfins,pitchy ﬁfins,yawg,a ﬁfins,yaw4 , 1, t]

The guidance system uses meta-RL to train a NN, approximating the policy that relates
states and actions. Recurrent or Transformer NNs introduce hidden states or attention, en-
abling the agent to consider both the current and previous states when making decisions.
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Figure 7.1: Training overview of the guidance system.

Training in uncertain environments allows the network to generalize its policy across different
scenarios, also not encountered during training, enhancing the robustness of the algorithm.

The goal is to develop a guidance law that ensures precise pinpoint landing, aiming for
efficient fuel consumption, using thrust vectoring and fin deflections. The fins reduce the TVC
effort, conserving fuel, but they are effective only at high dynamic pressure.

A reward function, comprising a component (shaping reward) at each time step and a
component (terminal reward) at the episode’s end, is designed to guide the agent in learning
the optimal policy while adhering to path and terminal constraints.

In Fig. 7.1, a schematic of the guidance system’s training is presented. For every training
iteration, using its current policy, the agent interacts with the environment, taking actions
and receiving a reward at each time step. Based on the goodness of the actions performed in
specific states, its network is updated, before interacting again with the environment, using the
updated policy. After several iterations, the optimization terminates yielding the final policy.

The first step in developing a G&C policy using RL is to create a framework for training
the NN. Implemented in Python, it uses open-source libraries. The implementation consists
of three main components: the environment, the neural network, and the training algorithm.

The environment, which is the core of the simulation, is a custom setup based on OpenAl’s
Gym environment class. It includes the dynamic EOMs (Eq. (6.5)) and it manages the entire
problem. At the start of each simulation (more often called episode), initial conditions and
perturbations are sampled, and a wind profile is generated. At each time step, the step()
method samples control actions based on current observations through a network forward
propagation, propagates the states using the dynamics, and updates the observations. It also
computes the reward function. This process is repeated until a termination condition is met.

NNs are built using TensorFlow and can range from simple fully connected networks
to more complex architectures like Transformers and LSTMs. These architectures can be
customized to meet specific needs and combined to enhance certain data patterns.

Since the goal of this thesis is not to develop new methods but to apply RL techniques
to a space guidance problem, already available training algorithms are used. Moreover, im-
plementing new algorithms could be very tricky and time-consuming, due to the necessary
thorough testing needed. Multiple reliable libraries recognized as state-of-the-art, such as
stable-baseline or Ray-RL1lib, are available. Ray-RL1ib is chosen, due to its ability to train
custom networks using attention layers and recurrent layers with PPO. It is an industry-graded
open-source library, which interfaces with a custom environment to train a network, handling
the data management (Liang et al., 2018). It offers a highly parallelized framework, automat-
ically distributing the tasks to the number of CPUs chosen by the user. Therefore, it can be
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employed on clusters of CPUs, to speed up the training procedures. It is easy to use and it
provides a high degree of personalization of parameters, algorithms, and networks.

Using pyrlprob, an open-source Python library that facilitates the training, evaluation,
and post-processing of Gym-based environments using Ray-RL1lib, custom configuration files
are created to set the network’s hyperparameters and the flight dynamics variables needed for
the training and evaluation processes.

To ensure consistent magnitudes across state variables, the entire problem is normalized,
selecting a minimal set of reference units and using them to normalize every variable. The
normalization is done to facilitate the NN training, which is improved if it handles values
close to the unit. Similarly to what is done by Sagliano et al. (2021a), the chosen reference
variables are: nominal initial altitude (2000 m), nominal initial mass (4000 kg), gravitational
acceleration (9.80665 m/s), ambient temperature (288.15 K) and pressure (101325 Pa). These
last two are used only in the calculation of the normalized density and temperature profiles.
Manipulating the first three variables, reference values for time, velocity, and acceleration
are found. Finally, each state variable, vehicle, or environment parameter is divided by the
reference values corresponding to its unit of measure.

Training a neural network to learn an optimal policy involves running numerous episodes
over several iterations. In each iteration, new simulations are initialized with uncertainties and
initial conditions sampled from distributions. During each episode, actions are performed based
on the current network policy, and the EOMs are propagated. Initially, the NN parameters
are random, leading to a random policy with unrealistic behavior, such as the vehicle rotating
with extremely unrealistic angular rates and attitude. As training progresses, the agent learns
to identify good and bad actions based on its current state, refining its policy over time.

Given the computationally intensive framework, the code is parallelized to run on multiple
CPU threads, exploiting all the possible computer resources. Multiple trainings are run in
parallel using three different machines with different hardware, preventing an exact comparison
of the training times.

Verification

A complete verification of the RL models’ correctness is not done, since these open-source
libraries are largely used and already thoroughly tested and verified against many baseline cases.
For example, the PPO algorithm implemented in Ray-RL1ib is verified by its developers, since
it is considered state-of-the-art. Also, the Gym class environment is developed and tested by
OpenAl, which has verified its functionality in tons of problems. Similarly, the neural networks
are created and built using tensorflow and keras, which are considered the standard in the
RL community. In each GitHub repository of these libraries, there are tests folders, used
to verify the implementation of every release '. What is verified in this thesis is that the
composition of NN generated by the software is equivalent to the desired ones. It is done
by printing the blocks that compose the NN and checking that they include all the elements
that should theoretically be present, with the correct dimensions. Moreover, it is assessed
that by increasing the dimensions of the network, the number of parameters rises accordingly.
Another verification is done to check that the network’s hyperparameters and flight dynamics
variables indicated in the configuration files are correctly reported inside the Gym environment.
Ultimately, the typical convergence profiles over a set of iterations, and the robustness to small
hyperparameters variation shown in the following sections (Fig. 7.5), are hints to confirm the
correctness of the RL models.

! OpenAI: https://github.com/openai/gym/tree/master/tests,
Ray-R1lib: https://github.com/ray-project/ray/tree/master/rllib/tests,
tensorflow: https://github.com/tensorflow/tensorflow/tree/master/ci/official


https://github.com/openai/gym/tree/master/tests
https://github.com/ray-project/ray/tree/master/rllib/tests
https://github.com/tensorflow/tensorflow/tree/master/ci/official
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7.2. Reward function

One of the most crucial and challenging aspects of RL is defining the reward function. This
scalar value communicates to the agent what needs to be achieved, indicating how good a
specific action is at a given state in pursuit of the desired goal. The reward function is central
to ensuring that the network learns the correct policy. A poorly designed reward function can
lead the policy to diverge completely from the intended objective. Since the NN is trained
to maximize the expected reward, if the reward function does not align with the user’s goal,
the agent will still learn a policy, but it may be entirely different from what was intended for.
Thus, extreme care must be taken in developing the reward function.

Typically, the starting point involves understanding the underlying physical problem to
identify its key features. It is also essential to define a clear goal that represents the policy
the network should learn, similarly to what the objective function does in an optimization
problem. There are different approaches for creating a reward function: it can be sparse, giving
bonuses or penalties only at the end of each episode, or dense, providing rewards at each time
step. However, relying solely on a sparse reward can result in slow or ineffective training, as
the network may struggle to associate terminal rewards with the sequence of previous states-
actions pairs. This is especially true when the problem involves a large number of time steps,
states, and controls, making it difficult for the network to capture the cause-effect relationships
between actions and delayed rewards. In such cases, it is often preferred to incorporate bonuses
and penalties at each step to guide the agent toward the desired terminal states.

In the 6-DOF rocket landing problem, the primary goal is to land the vehicle with specific
terminal properties, such as proximity to the landing site, minimal vertical and horizontal
velocities, a controlled vertical angle, and acceptable residual angular velocity. Minimal fuel
consumption is also a key factor. Therefore, the reward function should incorporate these five
elements to ensure the agent meets the terminal constraints.

One approach is to design the reward function so that it penalizes mass consumption and
assigns bonuses or penalties only at the end of each episode based on whether each constraint is
met. In theory, this formulation encourages the agent to learn the most optimal policy, trading
off the conflicting objectives of fuel consumption and terminal states precision. However, this
reward function is not ideal in the complex and 6-DOF environment simulated in this thesis,
where there are 14 states for position, velocity, attitude, angular rates, and mass, and 7 control
inputs. Moreover, the closed-loop simulations (Fig. 6.8) show that, typically, each episode lasts
about 25-35 seconds, which means about 250-350 steps, with 0.1 s as time step. Given problem
complexity, broad design space, and long episodes, it is challenging for the neural network to
discern cause-effect relationships between a single scalar reward received at the end of the
episode and the entire sequence of observations and actions throughout the trajectory. The
reward would condense the goodness of the actions of the entire episode, without diversification
for each time step. This effect is exacerbated in the early stages of training when the policy is
random, and the rocket may exhibit erratic behavior, such as rotating rapidly along each axis,
landing far from the site, or having a very incorrect attitude. This makes it even harder for
the agent to understand the cause of a poor trajectory from a single scalar reward.

Thus, providing dense rewards at each time step helps to guide the vehicle toward learning
the correct policy. However, this approach can slightly reduce optimality because the trajec-
tory becomes more “constrained” by the shape of the reward function. If the dense reward
function emphasizes certain state behaviors, such as always moving toward the landing site
or monotonically decreasing velocity, the rocket may learn a policy that deviates from the
fuel-optimal one. Logarithmic and exponential functions are useful in guiding the vehicle to-
wards "attractive points” (Bonasera et al., 2023) due to their steep changes near these points.
Additionally, quadratic functions demonstrated to accelerate convergence (Fereoli et al.,; 2024).
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Hence, creating a reward function is a complex, iterative process aimed at balancing the
network’s ability to learn with the solution’s optimality. Even in simpler problems, like the
OpenAl’s two-dimensional Lunar Lander, a dense reward function is used to enhance the
network’s learning ability. In the scenario described in this thesis, using only a terminal
reward would result in the network failing to learn anything meaningful. Therefore, both a
shaping and a terminal reward are included.

Defining a suitable, efficient reward function for practical RL applications is a challenging
task, without a single unique solution. It requires multiple iterations to find a correct reward
function which makes the agent learn a meaningful policy. In this thesis, the reward function
is formulated to capture the five pillars of the rocket landing scenario. To achieve this, a
shaping reward term is formulated for the states related to the goal of fuel minimization and
the terminal constraints derived from the requirements:

o Drive position components toward landing site (GR-03, GR-04)

+ Guide velocity to be zero at landing site (GR-05, GR-06)

o Avoid large angular rates during the trajectory and touchdown (GR-08, GR-09)
o Keep the vehicle in a stable attitude (GR-07)

e Minimize mass consumption

From the initial to the final formulation, several refinements were made to adjust the
learned policy. During training, various metrics were monitored using TensorBoard to track
trends and infer which features the agent was learning. If performance was unsatisfactory,
the reward function or its relative weights were adjusted based on what was observed. For
example, these trends provide insights into whether the agent is minimizing errors in some
state variables at the expense of others.

In the next paragraphs, each term of the reward function is shown and described. Moreover,
their development and changes, throughout different iterations, are explained to understand
how a wrong reward shaping can affect the final results.

It is remarked that all the states present in the reward function are normalized, as described
in Section 7.1, to avoid different orders of magnitude.

Position

For the position component, a logarithmic dense reward function is defined, giving a bonus
that increases as the rocket approaches the landing site. The reward is zero at each episode’s
initial position and theoretically infinite at the exact landing point r=03. As shown in Eq.
(7.3), the logarithm’s argument is the norm of the position components, each normalized by
its initial value and divided by the square root of three. This setup ensures that only positions
within the initial position boundaries yield a positive bonus. Therefore, the argument of the
logarithm shall be one at the initial position and zero at the terminal position. To enhance
convergence toward the "attractive” region close to the landing site, the square of this logarithm
is used. However, squaring the expression could result in a positive bonus even for positions
higher, or more horizontally, than the initial position. So, the expression is multiplied by its
sign to ensure positive rewards only when within the initial boundaries, and negative penalties
otherwise. This bonus is applied only if the rocket is descending. Conversely, if the rocket is
hovering or ascending, a fixed penalty is applied to discourage this behavior.

2
Tx Ty Tz re Ty rz
. . rzo’ryg’T20 Tz’ Tyg Tz20 . _
Ry — 0.015 < sign llog <\/§ )] log <\/§ > , ifrg(t) <rg(t—1)
—0.2, otherwise

(7.3)
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Figure 7.2: Comparison wrong and correct position reward.

This expression ensures that the area near the landing site offers a substantial bonus,
driving the agent toward this region. The collected experiences of gaining large rewards near
the landing site and large penalties for drifting away help the network to correctly update its
internal parameters to learn the desired policy.

As a secondary effect, this position-related reward helps reduce vertical velocity near the
landing site. Since proximity to the target yields large bonuses, the agent is motivated to remain
in these favorable positions, rather than at a higher altitude or larger horizontal displacement,
to maximize the cumulative reward. To prevent the rocket from hovering indefinitely at a low
altitude with a large position bonus, a penalty for increasing altitude is introduced, as shown
in Eq. (7.3). A maximum time horizon is set, along with a bonus when the rocket successfully
lands. The combination of these three elements helps prevent the agent from “hacking” the
reward function by hovering in favorable states indefinitely to accumulate bonuses. Staying
for many steps in favorable states and then landing would give a bonus larger than hovering
above the landing site until the time horizon expires.

In the first version of the reward function, dividing each non-dimensional position compo-
nent by its initial value was not done. However, this approach had a critical drawback. In
the initial ”"problem normalization” (the one explained in Section 7.1), an altitude of 2000
m becomes 1, while a horizontal position of 200 m becomes 0.1. Thus, a significant reward
is given even when the rocket is close to the ground but still far horizontally. For example,
landing 200 m from the site gives a normalized vector of (0, 0.1, 0.1), and its norm is close
to 0, leading to a significant reward. This encourages the agent to exploit low-altitude states,
regardless of the horizontal position, minimizing its importance and causing the rocket to drift
away from the landing site while still earning a substantial reward.

In contrast, when scaling each position component by its initial value, landing 200 m from
the target yields a normalized vector of (0, 1, 1). Hence, the argument of the logarithm is close
to 1, giving an almost null reward, and encouraging the rocket to get closer to the landing site.
This normalization prevents the agent from exploiting low-altitude states far from the target.

Figures 7.2(a-b) illustrate the difference between the two reward functions. In both the
3D plots, the altitude and one horizontal position are shown on the horizontal axes, while the
value of the position reward is presented on the vertical axis. It can be immediately seen that
in the correct reward expression (Fig. 7.2(b)) there are peak values near zero altitude and
horizontal position, with a reward close to zero elsewhere, preventing the agent from ”hacking”
rewards by hovering and drifting away. By contrast, the wrong reward (Fig. 7.2(a)), gives
substantial bonuses even at low altitudes with significant horizontal displacement. Moreover,
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in the wrong formulation, the red line depicting where the position bonus is null is not even
present within the altitude and horizontal position ranges shown.

Training with the wrong position reward led the rocket to hover at low altitudes for many
seconds and drift away from the landing site. Adjusting the formulation with normalization
corrected this issue, remarkably increasing the landing position precision.

Velocity

The velocity component of the reward function includes a penalty based on the deviation from
a reference exponential velocity profile v,.; at each time step, as shown in Eq. (7.6) and Eq.
(7.5). This suboptimal target profile guides the velocity components from their initial values to
zero. The penalty is derived from the norm of the error between the rocket and the reference
velocities. This approach is largely used in similar RL problems (Gaudet et al., 2020a), where
it has proven to be effective, but also leading to suboptimal fuel consumption (Gaudet et al.,
2020b). The profile is based on the rocket’s position and the approximated time to go, which
is estimated using the ratio between position and velocity vectors, as shown in (7.4).

Iz
tgo = - (74)
vl
r tgo
Vyef = — ”VOH — |1l =" (75)
! e )
Ry = —0.01 ||Vref - VH (76)

7T is set to 0.43, such that v,y resembles the velocity profile from the optimal trajectory (Fig.
6.2(b)) when the position of the optimal trajectory is used as input. This velocity profile is
more suitable for the vertical velocity component, rather than for the horizontal ones. Like the
reference exponential profile, the vertical velocity is a monotonous decreasing variable, while
the other two are not, as shown in the optimal trajectories plots in Fig. 6.2(b).

Given the reference velocity profile’s suboptimal nature, its relative weight with respect to
other terms in the total reward function is kept lower. The fact that it can give only negative
values diminishes its importance as training progresses, because after a certain number of
training iterations other reward terms (such as the position one) give positive bonuses that
can be orders of magnitude larger. Therefore, the velocity reward term only partially influences
the velocity to track a target reference profile, and it is probably the least influential term in
the total reward function.

Moreover, as stated in the previous paragraph, the deceleration towards low-velocity states,
at the end of the flight, is aided by the position reward component.

Angular rates

As set by requirement GR-08, the maximum angular rate on each axis is 15 deg/s (equivalent
to {5 rad/s) on each axis (roll, pitch, and yaw rate) as path constraint during the entire
trajectory, This is chosen to avoid too large angular rates and to facilitate the decoupling of
translational and rotational motion. Furthermore, if the angular rates are too large it is much
harder to effectively use the fins and the TVC to control the trajectory of the vehicle, as the
actuators’ directions continuously change. Too large angular rates can also induce undesired
effects not modeled in this problem, such as fuel sloshing.

At each time step, a penalty is applied if the angular rates exceed this limit, otherwise, a
bonus is given. Both are proportional to the difference from the constraint, as shown in Eq.
(7.7). This formulation discourages the agent from exceeding the maximum rates, stimulating
it to respect the constraint and to minimize angular rates to avoid unwanted oscillations.

However, the requirement is not strictly enforced, meaning that the total reward can still

be large if angular rates are kept low for a major portion of the flight, but the constraint of 15



88 Chapter 7. Meta-Reinforcement Learning Guidance

deg/s is slightly exceeded for some time steps.
Ry, = —0.0006 [(lwz | = @estr) + (lwy| — @estr) + (w2 || — Gestr)] (7.7)

Westr 1S the dimensionless maximum angular rate allowed by the requirement during flight.

Vertical angle

Maintaining the rocket’s correct orientation throughout the flight is crucial for stability and to
prevent catastrophic failures. The goal is to keep the rocket in a stable, near-vertical position
so that the thrust counters gravity and downward velocity.

Given the UEN reference frame used, pitch and yaw are defined as the rotation around
the horizontal y- and z-axes. From these, an auxiliary angle "vertical angle” () is defined as
the angle between the Xp-axis of the rocket’s body frame and the vertical Xygn-axis of the
landing site. Its mathematical definition is described in Eq. (6.9).

The reward function for this component is a piecewise function provided at each time step.
To avoid the rocket points with the ogive downwards, a penalty is applied proportionally to how
much the rocket’s vertical angle exceeds 90 degrees. The more the rocket points downwards,
the more the attitude is wrong and must be corrected. If the vertical angle is between 90
and 50 degrees, no reward is given. Below 50 degrees, a fixed bonus is awarded to avoid over-
constraining the attitude. A constant bonus, instead of a proportional one, prevents giving an
excessive reward for a fully vertical orientation, which could negatively affect other variables,
such as giving less flexibility to correct the terminal landing position when starting from a
horizontal displacement or a tilted attitude. Moreover, in the nominal OCP trajectory plots
(Fig. 6.2(c)) the yaw and pitch angles go up to 50 deg on each axis.

Thus, this reward term guides the rocket to avoid pointing downwards while encouraging a
pseudo-vertical attitude, allowing stability and necessary maneuvering during the entire flight.
It is up to the terminal reward components to make sure that the rocket lands with a terminal
vertical orientation, within the corresponding constraint.

—0.02(6—-%) ifd>3%
Rs =<0 if 2 >8> 22 (7.8)
+0.005, if 6 < 3%

Mass
The minimization of fuel consumption is the most straightforward term, where a penalty is
given proportional to the mass difference at each time step, as shown in Eq. (7.9).

Rinass = 2 (m(tx) — m(ti—1)) (7.9)

This is analogous to the formulation of the cost function in the OCP. However, while in the
OCP one can choose to minimize the fuel consumption as the only mathematical objective,
in the RL formulation this is just one of the many terms, all squeezed in a single scalar
reward function. Therefore, RL cost is formulated similarly to single-objective optimization
where multiple conflicting objectives are squeezed into one. For example, the minimization
of fuel is conflicting with the reduction of vertical velocity, because conversion of fuel into
thrust is needed to decelerate. Hence, the correct balance between the relative weights of mass
consumption and velocity must be found.

In this work, a trial-and-error approach is used to tune the weights of each term in the
reward function. They are iteratively updated after a partial or total evaluation of a training
session’s results. If one, or multiple variables are not satisfactory, their weights in the reward
functions are tweaked, until the final version is found.
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Terminal reward

While the five described components are provided at each time step, the terminal reward is
given only when the termination conditions are met and the flight ends. Since the terminal
constraints define the landing success, the goal is to give hints to the agent as to whether it
landed correctly or not. The terminal states are not only a consequence of the controls at the
last time step but also of the sequence of previous actions performed during the flight.

The requirements defined in Section 2.6 regarding terminal constraints are used in the
terminal component of the reward function. If the threshold set by the requirement is ex-
ceeded, the agent gets a quadratic negative penalty, proportional to how much it is exceeded.
Conversely, if the terminal variable fulfills the requirement, the agent receives a logarithmic
positive bonus, based on the difference with respect to the threshold. The expression to assign
the reward for each terminal state is:

R - {kl(:c —ei)? ifx > ea:; (7.10)
ko log (%) ifx <ex

x describes the normalized terminal variable considered, while & represents the normalized
terminal requirement corresponding to the considered variable. € is a multiplicative factor that
regulates the amplitude of the terminal constraints. It was first introduced by Federici and
Zavoli (2024), Zavoli and Federici (2021) and it serves as a tolerance, decreasing exponentially
through the training, as shown in Eq. (7.11). Its purpose is to allow larger terminal constraints
at the beginning of the training when the rocket has a more exploratory behavior. As the
training proceeds, € decreases, slowly enforcing the actual terminal conditions, similar to an
e-constrained approach. Hence, allowing larger values in the beginning, when the agent has no
clue on how to accomplish its tasks, helps to understand that it is advantageous to land close
to the target states. After several iterations, fine-tuning takes place, reducing the allowable
terminal constraints to those set by the requirements. In this way, the rocket is guided to
progressively enforce the terminal values. This approach has proven successful in similar space
applications (Federici and Furfaro, 2024).

€0 ifi < 10
szo
i=Yeo (L) T ifig<i<is (7.11)
€f if i > if

€o and iy represent the initial value of the hyperparameter and the iteration when it starts to
decrease, while ey and iy are the final value and the corresponding iteration number when the
decrease is stopped. The values used in the network’s training of this thesis are presented in
Table 7.1. In the initial training phase, where the agent explores the design space, it has been
chosen to have fixed, larger, allowable constraints. They start to be reduced only when the
agent has already learned a policy that is somehow aligned with the final one. Moreover, € is
constant again after about 70% of the training, such that the agent has fixed references to do
the final refined tuning of its weights and biases.

The terminal states involved in the terminal reward function are those identified in the
requirements. Hence, there is a term for the norm of the terminal horizontal position (GR-04),
one for the final vertical velocity (GR-06), one for the norm of the final horizontal velocity
(GR-05), one for the terminal vertical angle (GR-07), and one for the norm of the final
angular rates (GR-09). They are all represented by expressions analogous to that in Eq.
(7.10), where the threshold is the normalized value from the corresponding requirement.

The goal is to quadratically penalize when a terminal constraint is violated, guiding the
agent to avoid repeating such errors. Conversely, when the requirement is met, a logarithmic
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Table 7.1: Tuning parameters of the tolerance e.

Variable ‘ Value

€0 3
10 1500
€f 1
if 7000

function is used to suggest that achieving a terminal state of zero is the ideal outcome. The
reason for using logarithmic functions for terminal bonuses is that they offer a theoretically
infinite bonus when the value is exactly zero, unlike quadratic functions, which are capped.
This gives a significant advantage to states closer to zero, motivating the agent to prioritize
these values, which eventually are the desired ones.

Furthermore, there is a term for the landing requirement GR-~03. It gives a fixed bonus if
the rocket lands on the ground, while a penalty, proportional to the final altitude, is applied if
the simulation terminates mid-air. Finally, an extra bonus is given if all the six requirements
are fulfilled. Therefore, the final expressions for the terminal reward are:

" =32 (||ry, 72|l = €Fnor)® i |7y, 7]l > €Fhor (712
orst inal = Tz . ~ .
Thor,termina —1.6log (%) if HT'y,TZH < €Thor
24 (|Jvg || — €Bpert)® if [[vz]l > €Bpert
R'Uvert terminal = lvz ]| . - (713)
’ —0.241og (ﬁ) if ||vg|| < €Dyert
(=16 ([Jg, vall = €Thor)® E [|uy, val| > €Bhor (7.14)
Vhor,terminal = —0.16log (%) if [|vy, v2]| < €Bhor .
A\ 2 -
0.8 (5 - as) it § > e
R&,terminal = s - (715)
—0.121og (S) if 6 <e€d
41075 (| | —elal)” i | > ellal
—4-10™ Way Wy, Wy || — €|lw it ||we,wy,ws|| > €||lw
RHwH,terminal = Hw:w byUzH S . mmE ~ (716)
—0.041og ( el ) if [|ws, wy, w2 < e]lwll
—8ry if ry > 1y
Riondi inal = 7.17
landing,terminal {08 if Py < T} ( )
10 if all constraints respected
Rbonus,terminal = . (718)
0  otherwise

Equation (7.19) presents the final expression for the terminal component of the reward as sum
of all the previously shown terms.

Rterminal :Rrho,«,terminal =+ Rvyert,terminal =+ thor,terminal =+ Ré,terminal + R||w||,terminal

(7.19)

+ Rlanding,terminal + Rbonus,terminal
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Table 7.2: meta-RL hyperparameters setup.

Parameter Value
Training iterations 9500
Batch size 8192
SGD minibatch size 128
SGD iterations 15
PPO clip parameter 0.01
Value function network [256,128,128]
Number workers 8
Environment per worker 8
Activation function tanh
Attention dimension 128
Time horizon 400 s
Number of heads 4
Memory length 250
Sequence length 128
Previous actions and rewards 250
Encoder layers [256,128,128]

Summary
The final expression of the total reward function is the sum of the terms given at every time
step and the ones given only at the end of the episode:

R= Rpos + Ryet + RHwH + Rs + Rmass + %Rterminal (720)

The term < is used to incrementally increase the importance of the terminal constraints
compared to the dense reward. The purpose of the dense reward is to initially lead the agent
toward the correct direction to have a meaningful policy, while the terminal constraints are
the real objectives that should be optimized at the end of the training.

It is reminded that the reward expression is calculated at each time step, where Ricrminal
is always zero, apart from the last time step.

7.3. Results

After many trials and tuning iterations of the reward function, satisfactory results are found
using the formulation presented in Section 7.2. The results in Section 7.3.1 are not the best, but
they are adopted as the baseline, serving as the starting point for improvements, comparisons,
sensitivity analysis, and robustness analysis presented in the following sections.

Table 7.2 presents all the relevant parameters used in the problem setup, in the neural
network, and in the RL algorithm, to reproduce the results. Except for the last five elements
of Table 7.2, all the other are fixed for every training done in this thesis. Furthermore, for
each training, the learning rate is linearly interpolated between 10~# and 10~% between 0 and
8107 time steps. The entropy coefficient is linearly interpolated between 10~% and 0 between
0 and 4-107 time steps.

Since all the closed-loop simulations last no more than 35 seconds (Fig. 6.8), the maximum
time horizon in RL training is set to 40 seconds. This prevents over-exploiting the reward
function, by getting bonuses for being in favorable states for an infinite amount of time.

After training the agent for 9500 iterations (approximately five days), the solution is
postprocessed and analyzed. As typically done in RL problems, once the training is finished and
the network is deployed for analysis, the stochastic component is removed, making the policy



92 Chapter 7. Meta-Reinforcement Learning Guidance

deterministic (Federici and Furfaro, 2024). Therefore, instead of outputting the probability of
taking an action from a distribution, the network gives the expected value of the control action
distribution. In PPO, since the action distributions are considered Gaussian, the output is
its mean. A set of 1000 Monte Carlo simulations, considering all the uncertainties and initial
dispersions, is run to evaluate the performances of the learned policy.

7.3.1. Baseline results

What can be seen in Table 7.3 is that the mean values of the terminal constraints of horizontal
position, horizontal velocity, angular rates, and vertical angle are very close to zero. Also,
the dispersions are not excessively wide, given that the standard deviations are small. This
is confirmed by Fig. 7.4(a-e), where most simulations are very close to the target, with only
a handful of runs that exceed some constraints. It is striking that the vertical velocity never
respects the given requirement on its terminal value, consistently violating it, by a small
margin. While the rocket should land with a vertical velocity comprised between -2 and 0 m/s,
the mean value is about -5 m/s (Fig. 7.4(e)). However, there are some speculations that even
SpaceX Falcon 9 lands with a vertical velocity of about -5 m/s, but, since no information is
publicly available, this cannot be verified. Furthermore, if the constraints in the most similar
RL 6-DOF atmospheric landing work (Rosa et al., 2023) are used for comparison, the vertical
velocity would always fulfill its requirement. It means that the learned policy of this section is
a good one, that probably only needs some fine refinement on the vertical velocity component.

The weight of the vertical velocity reward was increased to try to improve its final value.
However, it was noticed that reducing vertical velocity violations led to deterioration in other
terminal variables, especially in rotational motion. As illustrated in Fig. 7.4(f), it is clear that
runs with the best vertical velocity often exceeded angular rate or vertical angle constraints.

This trade-off between vertical velocity and rotational motion variables is recurring across
several training sessions, for two reasons. Firstly, wind speed (up to 15 m/s) makes the hor-
izontal velocity larger than the vertical one, creating large aerodynamic angles and induced
moments. It is reminded that for such large aerodynamic angles, the formulation of the aero-
dynamics for body and fins is much less accurate, limiting the correctness of the solution.
Secondly, the agent sometimes hacks the reward function to exploit position bonuses closer to
the landing site. Therefore, for a few particular combinations of initial states and dynamics
uncertainties, the interaction between wind susceptibility and reward hacking makes the agent
perform actions to lower the velocity and try to go as much as possible toward the landing site.
In these few cases, large TVC deflections are commanded near the end of the flight, creating
slightly too large angular rates and vertical angles than the terminal constraints.

Enforcing the vertical velocity constraint is challenging because it is the only variable
that solely depends on thrust magnitude, creating a conflict in the cost function with mass
minimization. All the other variables are influenced by both thrust, TVC, and fins, offering
more control options for optimization. Unlike other states, the vertical velocity is "one-sided,”
only exceeding the target value of 0 m/s on the negative side. If it goes positive, the rocket
skips upward, making landing impossible unless the engine is shut down. This limitation causes
the neural network to conservatively prioritize other variables in such uncertain environments,
avoiding the risk of skipping or worsening rotational states.

A 7Partially Successful Runs” (PSR) index is introduced to evaluate performance. Since
vertical velocity constraint is not met in most policies, a run is considered partially successful if
all other variables (terminal altitude, position, horizontal velocity, angular rates, and vertical
angle) are within the allowable limits of requirements GR-03, GR-04, GR-06, GR-07, and
GR-09. In this training, as shown in Table 7.4, the number of partially successful runs is
987. Figures 7.3.1(b,d) show that the few failed runs exceed angular rates or vertical angle at
most by 3 deg/s or 1 deg, respectively. Therefore, even if those are considered failed, they do
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Figure 7.3: Aero-thermal loads.

not completely diverge, nor violate the constraints by a huge margin. Position and horizontal
velocity are respected in all 1000 cases, as shown in Fig. 7.3.1(a,c)

To assess whether the RL policy is suitable for real-time execution, the time required for
a forward pass of the NN is evaluated. The network processes input observation states and
outputs optimal actions in about 6 ms on average using an Intel® Core™ i7-8565U processor.
This proves the compliance with requirements GR-02, showing potential to run online.

Figures 7.3(a-c) show the thermo-mechanical loads. Dynamic loads are within requirement,
with a peak observed after a few seconds of flight. Since density barely changes and velocity
monotonously decreases, also dynamic pressure is monotonous. Hence, this peak is mainly due
to large aerodynamic angles caused by combinations of initial conditions and strong lateral
winds that lead to significant angles of attack or sideslip.

Heat flux is orders of magnitude lower than the constraint, as expected since the require-
ment is based on re-entry conditions, while terminal landing involves much lower velocities.

The axial g-load is smaller than the requirement, by a margin. For instance, considering
the worst case, when the thrust is 100 kN and the mass is 3500 kg, the thrust acceleration is
about 28.5 m/s2. By subtracting the gravitational acceleration and dividing it by 9.81, it yields
slightly less than 2 g. Only the axial component is considered because the lateral accelerations
are orders of magnitude smaller, since the thrust force is by far the most influential one and it
is mainly directed through the longitudinal axis of the rocket.
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Figure 7.4: Plots baseline policy.
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7.3.2. Sensitivity analysis GTrXL hyperparameters

It is commonly known that RL problems have many tunable parameters, and the success of
training often depends on finding the right values. Some typical parameters are the learning
rate, the batch size, the number of layers, the entropy coefficient, or the clip parameters
(for PPO). Introducing the GTrXL NNs, the number of tunable hyperparameters increases
significantly, including attention dimension, number of heads, Transformer units, sequence
length, memory, and encoder layers.

Given the novelty of GTrXL network, it is deemed to be interesting to analyze the effect of
changing Transformer-specific parameters, rather than the more generic ones, for two reasons.
First of all, no previous similar work analyzed the sensitivity of the solution to these parameters,
while there are many RL studies dedicated to the effects of more traditional parameters, such
as learning rate or batch size. Secondly, the goal is to find the striking factor such that future
studies using this type of NN know what could strongly affect the quality of the solution.

The parameters analyzed are the number of attention heads, sequence and memory length,
encoder depth, and attention dimension. A sensitivity analysis was conducted by varying
them one-at-a-time while keeping the others constant, as in the baseline case (Table 7.2).
Each training lasts for the same number of iterations (9500), to have fair comparisons.
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Figure 7.5: Moving average of rewards.

Sequence, memory, action and reward length

For instance, the length of the sequence and memory determines "how far” the network can
look into the past, leveraging previous information to perform actions, during training. A
sequence is a set of states from consecutive time steps, that are processed together by the
network. The memory is a set of GTrXL outputs from previous sequences processing, that are
concatenated to augment the network’s inputs. Moreover, previous actions and rewards are
also added as inputs. In theory, longer sequences and memories increase the network’s ability
to correlate distance events during the flight, at the expense of a longer training time. Since
these four parameters are closely related to each other, they are varied together. Starting
from memory, previous actions, and rewards 250 steps long and a sequence of 128 steps (the
maximum length allowed by the mini-batch), they are first reduced to 125 steps and then to
75, to assess how the results are influenced.

As shown in Table 7.3, the mean values are very similar. There is a slight degradation
trend as the lengths of sequence and memory are reduced, but it is not a drastic decline. When
only 75 is used as length, a small subset of simulations do not reach the landing site altitude,
terminating the episode with null vertical velocity at a few meters of altitude (Table 7.4). This
is reflected in the mean value of the vertical velocity, which is improved due to these simulations
terminating at 0 m/s. Therefore using any of the three lengths is almost equivalent since the
small differences can be considered well within the variance of the problem variables.

The explanation behind these results is twofold: firstly, given that a single simulation lasts
about 330 time steps, even the shortest sequence of 75 steps, and a memory 75 elements long
are probably enough to capture any relevant information. While the sequence is limited to the
last 75 steps, the memory allows to indirectly look much further in time, also from previous
trajectories, to train the network accurately. Moreover, sequence and memory lengths do not
influence the number of the network’s internal parameters because the memory introduces only
non-tunable parameters, not tweaked during the training. Only the length of previous actions
and rewards changes the number of weights and biases, but not drastically in these cases.

Number of heads

The number of heads affects the network’s ability to capture different features of a state. An
example from Natural Language Processing can help to understand this. The word "mine” can
represent the pronoun of something belonging to me, the hole in the ground where substances
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like coal are extracted, or the type of bomb that explodes when vehicles pass over it. For
a computer, these meanings are condensed into a single array of numbers. The attention
mechanism is what uses the context to understand what is meant in a particular case. Similarly,
the same use of the attention mechanism is done in rocket landing. Employing memory and
sequence, the context is understood and the correct "meaning” of a state is inferred.

The number of heads also influences the ability of a network to catch different features
because each head has its key, query, and value matrices. Therefore, using more heads augments
the network’s ability to capture multiple features. Given that the network’s attention dimension
is fixed, using more heads means that each head’s attention dimension is smaller. For example,
for a GTrXL with an attention dimension of 128, if four heads are used, each has a dimension
of 32, while if two are used, each has a size of 64. Hence, if four heads are used, more nuances
of states can be learned, focusing on simpler features, while if only one is used, it captures less
diversity, but learns more complex features, due to the larger attention dimension.

The results in Table 7.3 show minimal differences when using a different number of heads,
with mean and standard deviation very close to each other. Only the terminal vertical velocity
has a noticeable trend: its absolute value increases as the number of heads is reduced. This is
tightly related to the observation that when the rocket lands with lower vertical velocity (more
heads), some runs exceed other terminal constraints, while if the landing velocity is larger
(fewer heads), all the other constraints are met (Table 7.4). The reason is that a slower landing
vehicle is more affected by wind and reward hacking, as already explained in Section 7.3.

The marginal differences in results can be attributed to the fixed attention dimension,
meaning the total number of network weights and biases remains constant regardless of the
number of heads. Although fewer heads may capture fewer features, the network’s size is
sufficient to learn the problem’s critical aspects. Using different numbers of heads leads to dif-
ferent policies, resulting in different local minima, where rotational motion or vertical velocity
is slightly worse. Although these policies yield similar cumulative rewards, as shown in Fig.
7.5, they perform different actions to achieve similar outcomes.

Number of encoder layers

As illustrated in Fig. 4.4(a) an encoder of fully connected layers transforms the raw input

observation into a higher-dimensional input representation suitable for the Transformer. This

operation is affine to what is done in Language Processing, where the words are first converted

to a high dimensional numeric representation, before being fed to the attention-based NNs.
Initially, three fully connected layers were used in the encoder. Since the results were

Table 7.3: Statistics of different trainings changing GTrXL hyperparameters.

Training Norm Hor-| Norm Vertical | Norm Vertical | Mass
izontal Po-| Horizontal | Velocity | Angular angle Con-
sition [m] | Velocity [m/s] rates [deg] sumption

[m/s] [deg/s] [kg]
Mean‘ Std Mean‘ Std Mean‘ Std Mean‘ Std Mean‘ Std Mean‘ Std

Baseline 0.84 |0.48 |0.25 |0.14 |-4.89 |0.64|1.03 |0.76 | 0.88 | 0.45| 503.3|19.5

2 heads 1.16 | 0.68 |0.25 [0.20 |-4.90 | 1.64|0.48 |0.43 | 0.59 | 0.57| 526.3 | 28.0

1 head 1.54 | 0.67 |0.33 [0.19 |-7.64|1.10|0.73 |0.34 | 1.45 | 0.48| 506.0 | 14.1

125 length 1.22 {0.65 |0.29 |0.15 |-6.06|0.96|0.60 |0.32 |0.67 |0.37|525.6|19.3
75 length 1.29 |0.77 10.29 |0.18 |-5.37]1.63/0.69 |0.40 | 0.61 |0.34|534.6|23.1
64 attention |14.47|15.06 | 5.02 |4.05 |-6.19|7.3 |12.96| 7.11 | 12.98| 9.52| 590.0 | 60.4
256 attention | 1.00 | 0.80 |0.45 |0.26 |-8.78 | 1.27]0.90 |0.49 | 0.93 | 0.56| 500.1 | 14.1
2 layers 1.96 1091 031 |0.21 |-7.800.82|0.57 |0.27 {0.75 |0.47|509.3| 15.8
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Table 7.4: Success rates and failure causes.

Training PSR (out | Altitude | Horizontal | Horizontal | Vertical | Angular
of 1000) position velocity angle rates

Baseline 987 0 0 0 2 13

2 heads 982 7 1 5 12 2

1 head 1000 0 0 0 0 0

125 length 1000 0 0 0 0 0

75 length 980 20 0 0 0 0

64 attention | 28 466 349 819 918 850

256 attention | 993 0 0 6 4 0

2 layers 1000 0 0 0 0 0

satisfactory, they were reduced to two to assess what effect this change would have on the final
policy results. By reducing from three (of size 256-128-128) to two layers (of size 256-128) the
number of encoder internal parameters is reduced from 110,209 to 77,185.

From Fig. 7.5 it stands out that, using only two layers in the encoder, the agent learns
faster, but in a less accurate way. It can be seen that the reward function has the fastest
initial rise, eventually stabilizing at a slightly lower terminal value, compared to the Baseline.
This behavior happens because a smaller encoder reduces, even if not drastically, the number
of internal parameters so that the network can tune them quickly. However, this comes at
the cost of a slightly worse final performance on the vertical velocity, as shown in Table 7.3.
Using a smaller encoder with fewer parameters introduces the drawback of having an initial
transformation, from the observation to the Transformer input, that gives a smaller high-
dimensional representation, capturing fewer aspects of the states.

Attention dimension

The attention dimension is the parameter with the largest impact on the size of the network.
A GTrXL with an attention dimension of 128 has 585,991 weights and biases while reducing it
to 64 lowers the number to 215,175. Larger networks with more parameters generally better
approximate the function mapping inputs to outputs. Too small networks do not have enough
parameters to accurately capture the underlying function, similar to how a linear function
poorly approximates a cubic dataset. In contrast, increasing the network size demands more
episodes to properly tune all internal parameters, leading to longer training times. Thus, a
balance between these characteristics is essential.

While the baseline attention dimension of 128 shows good performance, varying it to 64 or
256 was explored to see if a smaller value disrupts results or if a larger value improves vertical
velocity performance. Table 7.3 presents a dramatic degradation when the attention dimension
is reduced to 64. Most terminal variables fall outside their constraints, with large dispersions,
and even a large fuel consumption. Figures 7.6(a-e) and Table 7.4 clearly illustrate what
was just mentioned: 972 failed simulations, with several exceeding the constraints by a large
margin. For instance, some trajectories end up almost 100 m from the target, with horizontal
and vertical velocities of 20 m/s and -50 m/s, respectively. Also, the rotation motion is strongly
affected, with runs that terminate with a vertical angle of 60 degrees or 30 deg/s of angular
rates. This indicates that 64 is too small for this hyperparameter, likely due to an insufficient
amount of internal parameters to approximate the underlying function.

Conversely, increasing the attention dimension to 256 does not give the expected advan-
tages. While most metrics, such as terminal position, horizontal velocity, and attitude, show
values close to the baseline, the vertical velocity worsens, with a mean value of almost -9 m/s,
as described in Table 7.3. One speculation about this behavior is that a larger network would
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require more training iterations to adjust its internal parameters and learn an optimal policy.
When increasing the attention dimension from 128 to 256, the number of weights and biases
surges from 585,991 to 1,794,567, raising the training time from 5 to 7.5 days approximately.
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Table 7.5: Statistics of different trainings using LSTM
Trainin Norm Hor-| Norm Vertical Norm Vertical | Mass
& | jzontal Po-| Horizontal Velocity | Angular | angle Consump-
sition [m] | Velocity [m/s] rates [deg] tion [kg]
[m/s] [deg/s]

Mean‘ Std Mean‘ Std Mean‘ Std Mean‘ Std Mean‘ Std Mean‘ Std
128 size 1.90 |1.17 [0.82 | 0.66 |-5.20 | 1.27| 6.77 | 5.57| 3.13 | 3.51| 505.43 21.41
256 size | 0.79 | 0.76 | 0.55 |0.42 |-3.92 | 2.31| 4.39 | 3.49| 2.11 | 2.06| 506.3G 24.06

7.3.3. Comparison with LSTM

In Section 4.5 it was hypothesized that attention-based NNs, such as GTrXL, would perform
better in complex problems, due to their enhanced ability to capture long-term dependencies
in time series. To test this, LSTM NNs are also trained for comparison. Both architectures
have similar sizes for a fair comparison in terms of performance and training time. The LSTM
network uses a 3-layer encoder and a single LSTM cell of size 128. Since the attention dimension
is found to be the most influential hyperparameter for GTrXL networks, another training is
done by doubling the LSTM size, to have a broader overview of its influence on results.

The results presented in Fig. 7.7(a-e) and Table 7.5 reveal that the terminal dispersions
with LSTM are significantly larger than with GTrXL, especially affecting angular rates and
vertical angle, with mean values two to seven times worse than the Transformer results. Even
more eye-catching are the large dispersions of these terminal states, giving a huge number of
failed simulations, with substantial terminal errors, as shown in Fig. 7.7(b,c,d).

This clearly shows that LSTM-based NNs struggle to effectively capture the different
aspects and relationships of such a complex problem. It is an evident limit of these kinds of
networks, where previous information is compressed in only two internal hidden states, that
are not enough to build a secondary policy that handles all the uncertainties and dispersions.

Doubling the LSTM cell size improves results somewhat, but not sufficiently to get closer
to Transformers-based policies. Additionally, it also increases the training time from five to
nine days, compared to Transformers. Therefore, it becomes a very slow, inefficient process,
without producing high-quality performances. Using the index previously presented, only 278
runs are partially successful when the cell size is 128, rising to 489 when the cell size is 256.

Thus, the low success rate, the larger mean, and the dispersion of terminal variables prove
that LSTM networks are an unsuitable choice for such a problem, largely underperforming
compared to Transformers-based neural networks.
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7.3.4. Robustness analysis
So far, the network has effectively managed complex dynamics, and large state and control
spaces, showing robustness to variations in initial conditions and dynamic uncertainties in
density and aerodynamic coefficients. These are known to be some of the most relevant per-
turbations present in the system. Indeed, the accuracy of initial states depends on the errors
accumulated during previous flight phases, while density and aerodynamics are parameters
difficult to measure and with significant variations due to many external factors.

However, other error sources affect G&C algorithms, primarily related to hardware, such
as the errors introduced by the navigation and control modules.

The navigation module introduces errors due to biases, misalignment, and intrinsic sensor
inaccuracies. A Kalman filter is typically used to estimate states by combining multiple sensor
measurements to reduce noise and improve accuracy. Despite this, estimated states are not

Table 7.6: Navigation uncertainties. Table 7.7: Control uncertainties.
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error-free, so the G&C algorithm must handle these errors effectively. The more inaccurate the
estimated values are, the more the G&C policy has to be robust. Given the time constraints
of this thesis, a Kalman filter could not be implemented and tested thoroughly, but errors in
the navigation are introduced, to recreate the estimated states. Hence, to simulate navigation
errors, Gaussian noise is added to the actual states, generating the estimated states used by
the G&C system to compute optimal control actions. In this way, errors are sampled from pre-
defined distributions at each time step, and added to the actual states, to avoid accumulation.
While a Kalman filter would compensate for errors, the method used here can cause errors to
accumulate over time. Therefore, to avoid this effect, the estimated states are used only to
calculate the control actions, while the actual states propagate the dynamics one step forward
in time. In Table 7.6, the standard deviation for each error is shown. They all have a mean
value equal to zero, and they are assumed to be uncorrelated with each other.

Similarly, hardware errors in the control module arise because actual actuators’ perfor-
mance deviates from commanded values. Moreover, in this thesis, actuator dynamics are not
considered, missing the modeling of transients due to friction, inertia, and damping effects.
Hence, even if the G&C algorithm commands thrust magnitude, TVC, and fin deflection rates,
in reality, those values are never exactly replicated. To model these real-world effects, errors
are added to the commanded control variables output by the neural network. TVC and fin
deflection rates errors are sampled from Gaussian distributions at each time step, and summed
to the commanded values. Thrust magnitude error combines two terms. A constant bias, sam-
pled from a Gaussian distribution at the start of each episode, multiplies the nominal thrust
value along the entire trajectory. An additional multiplicative factor is added, sampled from
a Gaussian distribution at each time step, to simulate uncertain thrust values. In Table 7.7
the standard deviation for each error is presented. They all have a mean equal to zero and are
assumed uncorrelated between each other.

Figures 7.8(a-e) show plots regarding the terminal results on position, velocity, vertical
angle, and angular rates for this training, compared to the one using RCS. At first impact, it
can be seen that the terminal results of this training are all concentrated around the target,
with very little dispersion, fulfilling the required constraints with a considerable margin.

The results illustrate that all the 1000 Monte Carlo simulations meet the imposed terminal
requirements, except for the vertical velocity, as experienced in the Baseline case. As pointed
out in Table 7.8, the mean and standard deviations values are in line with what was found out
in the policies without control and navigation errors (Table 7.3). Only the vertical velocity is
slightly worsened compared to the Baseline. The results suggest that adding more uncertainties
barely affects the performance of the NN. Therefore, it is clear that the learned G&C policy
is robust to many sources of uncertainties in the dynamics, as well as in the navigation and
control modules. These results confirm the initial hypothesis that using attention-based neural
networks would give a significant advantage in terms of robustness of the policy.

Table 7.8: Statistics of trainings including control and navigation errors and RCS.

Training Norm Hor- | Norm Vertical | Norm Vertical | Mass
izontal Po-| Horizontal | Velocity | Angular | angle Consump-
sition [m] | Velocity [m/s] rates [deg] tion [kg]

[m/s] [deg/s]

Mean‘ Std Mean‘ Std Mean‘ Std Mean‘ Std Mean‘ Std Mean‘ Std

Ctrl/Nav | 1.74 | 0.89 | 0.37 |0.22 |-6.30 | 0.92| 0.85 | 0.44| 0.91 | 0.45| 511.4 | 15.5
errors

RCS 1.00 |0.49 [0.54 |0.25 |-6.76 | 0.76] 1.72 | 0.88| 1.81 | 0.80| 494.5| 17.2
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7.3.5. Addition of RCS

To ensure a fair comparison with the second set of closed-loop Monte Carlo simulations using
classical feedback methods, the RCS is also incorporated into the RL problem formulation. It
is included in the dynamics identically: a torque is added around each axis, ignoring thruster
effects on translational motion, and limiting the maximum moment to 9000 Nm on pitch and
yaw and 1350 Nm on roll. Thus, the network’s outputs increase from 7 to 10 control actions.

The results show that the performances of this network are slightly worse than the ones
previously presented. Comparing Table 7.8 with Table 7.3 and Table 7.8, it can be noted that
the mean terminal vertical angle is about one degree larger than the Baseline and the GTrXL
training with additional control and navigation errors. The norm of the angular rates is also
approximately one deg/s higher. Figures 7.8(b,d) illustrate what is presented by the numbers,
showing that there are several simulations exceeding terminal constraints on the rotational
motion. Figure 7.8(a,c) shows that the terminal position and horizontal velocity constraints
are always respected, even if the latter is sometimes close to its limit.

A likely reason for this decline is that the number of control actions increases while the
network size remains the same. Consequently, the network must capture more features of the
problem without additional internal parameters, leading to degraded performances.

This issue is particularly evident in rotational motion since the RCS impacts directly
this aspect of the problem. Using the experiences collected during training, the agent has to
understand how to manage and balance the fins and RCS actuators to have the correct attitude
and angular rates. Since they both affect the same variables, a larger dimension of the network
is required to understand the relationships and couplings between them.

7.3.6. Removal of inputs

Initially, it was deemed appropriate to feed the network with as much information as available
during flight, so that it could exploit all the data to execute the most optimal control actions.
Therefore, not only classical states such as position, velocity, attitude, and angular rates, but
also information on mass, time, and position of the actuators were given as inputs. The
rationale behind it is that all these variables influence the dynamics, hence their knowledge
aids in determining the correct actions. For example, rocket mass affects thrust acceleration.
Thus, knowing it would give hints to the network about how much thrust it needs to output to
have a certain acceleration to perform maneuvers for pinpoint landing. Similarly, knowing the
current TVC or fin deflections helps the network to choose more accurate actuator deflection
rates to create the desired forces and torques. It is somehow similar to the fact that in the
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Figure 7.8: Plots policy including control and navigation errors and RCS.
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traditional feedback G&C in Chapter 6, the TVC and fin deflections are given as incremental
values with respect to a nominal profile.

However, it is considered interesting to understand how the meta-RL policy would perform
in a scenario where a only subset of these observations is available to the network. Therefore,
two additional trainings are conducted. The first removes only the mass from the observations
presented in Eq. (7.2), while the second one excludes both mass and actuator deflections.

To enhance training, the GTrXL block’s inputs can be expanded to include actions and
rewards from previous time steps. This approach is intended to improve the network’s ability
to grasp the cause-and-effect relationships between control actions and subsequent states. Nev-
ertheless, it is valuable to evaluate the network’s performance without these previous actions
and rewards to determine how crucial this information is for the learning process. To test this,
previous actions and rewards are excluded, leaving only state observations as inputs to the
GTrXL. Removing these components significantly reduces the number of weights and biases.
Considering the disastrous effects of having a smaller network from Section 7.3.2, the attention
dimension can be increased to maintain a network size comparable to the Baseline.

For instance, when removing previous actions and rewards, if the attention dimension is
128, the number of internal parameters drops from 585,991 to 329,991, while if it is increased to
256, the number rises to 1,282,567. Hence, training with 128 and 256 as attention dimensions
are performed without actions and rewards, to assess again the network’s size influence.
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Table 7.9: Statistics of different trainings removing network’s inputs.

Training Norm Hor-| Norm Vertical | Norm Vertical | Mass
izontal Po-| Horizontal | Velocity | Angular | angle Consump-
sition [m] | Velocity [m/s] rates [deg] tion [kg]

[m/s] [deg/s]

Mean\ Std Mean\ Std Mean\ Std Mean\ Std Mean\ Std Mean\ Std

No mass 0.98 |0.40 | 0.27 |0.14 |-5.99 | 0.88] 0.63 | 0.31]| 1.08 | 0.42| 520.3 | 12.3
No mass|1.26 |0.76 | 040 |0.33 |-7.60 | 2.23| 2.20 | 1.28| 1.21 | 0.87| 521.5| 29.3
/TVC/fins
No actions | 1.30 | 0.66 | 0.31 | 0.16 |-6.75 | 0.83| 0.74 | 0.38] 0.86 | 0.43| 523.6 | 19.6
Jrewards
(256 attn)
No actions | 2.57 | 3.08 | 1.57 | 2.36 |-5.32 | 3.54) 8.08 | 10.9] 5.89 | 8.94| 544.5 | 29.2
Jrewards
(128 attn)

From Fig. 7.9 it can be observed that removing mass (Case "No Mass”) alone still meets
all terminal constraints, except for vertical velocity, whereas removing both mass and actuator
deflections (Case "No mass/TVC/fins”) leads to 186 failed simulations, many more than the
Baseline. Figures 7.9(b,c,d,f) point out that failures are not only due to violations of terminal
angular rates or vertical angle constraints but, in some instances, also because of excessive
horizontal velocity or terminal altitude. Moreover, Fig. 7.9(e) highlights that the terminal
vertical velocity in this policy is even larger than in the other cases.

The high number of failed runs with violations across all variables suggests that these issues
are not due to factors like wind or reward hacking. Instead, the policy appears poorly optimized,
likely because the network lacks information about actuator deflections. Commanding six
actuators without knowing their deflections strongly degrades the network’s ability to make
accurate decisions, as it only partially understands the inputs that affect dynamics. Even a
small difference of just a few degrees in TVC or fin deflections can strongly affect the thrust
and aerodynamic forces and torques generated, potentially compromising the rocket’s motion.

In contrast, when only the current mass is unknown, the network still effectively guides
the rocket to the desired final states, as shown in Fig. 7.9(a-f) and Table 7.9. The mass
observation directly affects the translation of thrust force into acceleration, and, indirectly,
also the torques generated by the controls, through the center of mass and inertia. However,
the mass changes by approximately 500 kg (only ~12.5% of its initial value) throughout the
entire flight. Considering minimum thrust (40 kN) and a 500 kg mass difference (from 4000 to
3500 kg) the change in acceleration is only about 1.5 m/s?. By contrast, a 10-degree change in
TVC deflection completely alters the force direction and magnitude. Hence, it can be concluded
that knowing the mass is less crucial than the control deflections for the problem’s dynamics.

Figures 7.9(a-e) and Table 7.9 also present the results when actions and rewards are re-
moved. Since Table 7.9 already shows that the learned policy is not a good one, results from the
training with a dimension of 128 are not illustrated in the plots to allow a clearer visualization
of the other three trainings.

For an attention dimension of 256, excluding previous actions and rewards from the input
does not significantly degrade performance. Table 7.9 shows that the mean values are close to
the case without mass, and Fig. 7.9(a-e) illustrates that no outliers are present. This suggests
that knowledge of previous actions and rewards is not a key factor for training success, as long
as the network’s size is sufficiently large. The network is able to reconstruct the cause-effect
relationships happening throughout the flight, even without previous actions and rewards,
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Figure 7.9: Plots comparison policies without mass, without mass/TVC/fins and actions/rewards.

but it has to be large enough to capture all the features. Indeed, when removing actions and
rewards keeping the attention dimension to 128, the network size is too small, and the terminal
performances are not sufficiently good. In Table 7.9, this training presents greater mean and
standard deviation values for all the terminal variables, as well as a considerable number of
failed runs (about 550 out of 1000), and a larger mass consumption. These results reinforce
the hypothesis made in Section 7.3.2, stating that the size of GTrXL is crucial.
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7.3.7. Improvement terminal velocity

As shown in the previous policies, all the terminal constraints are almost always met, except for
the vertical velocity. Additionally, the thrust magnitude at the end of each simulation always
terminates to its minimum value, or close to it. To improve the vertical velocity constraint,
increasing the thrust in the final meters of flight could be effective. Also in real flights, a
specific thrust profile is often enforced during the final phase to ensure precise motion.

The approach implemented in this section is to vary the thrust magnitude, by solving the
equations of the uniform accelerated motion at each time step (Eq. (7.21), (7.22) and (7.23)),
targeting a certain final velocity and altitude Ziqrget and viarger. Since the vertical velocity
is low (<5 m/s), the aerodynamic forces are assumed to be negligible. Therefore, the rocket
acceleration is considered only the sum of the gravitational and thrust accelerations.

1
Ttarget = To -+ Vot + 5cut2 (7.21)
Vtarget = Vo + at (7.22)

T
a=—g+— (7.23)

m

Solving this set of equations for time and desired acceleration yield Eq. (7.24), (7.25).

—vg *+ \/vg —2a(0 — Ttarget)

t= 7.24
= (7:24)
02 — 2

a — 0 target (725)
2(-TO - xtarget)
Once the vehicle acceleration is found, the commanded thrust magnitude is determined.
T = clip (ma + g, 40, 100) kN (7.26)

The target altitude is set at 0 meters, but the target velocity must be chosen wisely. The
choice of the starting altitude of the terminal guidance is also crucial. Targeting a too low
velocity or starting from a too high altitude can make the rocket more susceptible to wind,
causing it to drift or tilt in some simulations.

The TVC deflection angles are fixed at zero during the thrust increase for two reasons.
First, this thrust patch is applied just a few meters above the ground when the vehicle’s angu-
lar rates, vertical angle, position, and horizontal velocity are already within final constraints.
Since these variables are small and the remaining flight time is just fractions of a second, the
rotational motion is barely impacted by having null TVC deflections. Fixing them maintains
the vehicle’s rotational rates constant from before the application of this patch since the fins
have negligible control authority at such low velocities. Hence, if the rocket’s rates are suffi-
ciently small before the thrust increases, also the attitude is almost not affected. Secondly,
similarly to the issue with LQR closed-loop, the network outputs specific thrust and actuator
deflections to generate desired forces and moments. If only the thrust is externally increased
they are largely amplified, potentially degrading the rotational motion performance.

Figures 7.10(a-f) illustrate the application of the described patch to the policy trained
without mass observation in Section 7.3.6. While several policies were tested, this one is
highlighted because it already met all terminal constraints, but the vertical velocity, across
all 1000 runs before the patch was applied. If a simulation exceeds one of the other terminal
constraints without the patch, it will likely remain a failed run since the patch does not actively
control rotational motion. Additionally, this training exhibited a high terminal vertical velocity,
making it an ideal choice to demonstrate the patch’s effectiveness in challenging scenarios.
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Table 7.10: Statistics of patched policy and thrust rate policy.

Training Norm Hor-| Norm Vertical | Norm Vertical | Mass
izontal Po-| Horizontal | Velocity | Angular | angle Consump-
sition [m] | Velocity [m/s] rates [deg] tion [kg]

[m/s] [deg/s]

Mean\ Std Mean\ Std Mean\ Std Mean\ Std Mean\ Std Mean\ Std

Patched 1.76 | 0.68 |0.34 |0.16 |-0.75 | 0.38] 0.71 | 0.34| 0.88 | 0.43] 531.3 | 13.6

Thrust rate | 1.01 | 0.55 | 0.23 | 0.12 |-3.39 | 0.80] 0.55 | 0.28| 0.82 | 0.37| 536.4 | 21.7

The correction is applied directly in the Monte Carlo campaign, not requiring additional
training. When it is applied, the network’s output is substituted by this terminal patch.

Carefully choosing the target velocity and initial altitude is crucial to avoid significant
rotational motion degradation. The target vertical velocity is set at -1 m/s, providing a margin
below the terminal constraint. A small analysis can determine the correct altitude initiation
to ensure all simulations are corrected. With a maximum thrust of 100 kN and an end-of-flight
mass of about 3500 kg, the maximum acceleration (thrust minus gravity) is around 18.5 m/s?.
Considering that the policy without mass has a mean landing vertical velocity of about -6 m/s,
with a maximum value of -9.5 m/s, Eq. (7.25) can help in finding out a reasonable altitude
to correct the entire spectrum of vertical velocities. For instance, if the vehicle has a vertical
velocity of -10 m/s at 3 m of altitude, targeting -1 m/s at 0 m requires an acceleration of
16.5 m/s?, which is within the thrust limit of 18.5 m/s2. Therefore, for this scenario, 3 m is
sufficient to correct a broad range of vertical velocities without affecting other state variables.

Figures 7.10(a-e) illustrate that all 1000 simulations from the Monte Carlo campaign are
successful, meeting all terminal requirements, including vertical velocity. Figure 7.10(f) demon-
strates the thrust increase in the final seconds of each simulation, thanks to the new patched
algorithm, something the neural network could not learn independently. Table 7.10 shows
that while all the other mean values are very close to the Baseline, the vertical velocity is
significantly improved, staying within the constraint with a margin.

This terminal patch is a preliminary, rudimental solution to the issue of excessive vertical
velocity. It is not optimal, and more refined strategies can be implemented. Nevertheless, it
proves to be effective in reducing the vertical velocity within the terminal constraint, without
worsening other variables. Furthermore, for each training result, the initiation altitude and
the target velocity should be finely tuned to avoid negative impacts on other variables.
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Figure 7.10: Plots patched policy.
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7.3.8. Thrust rate
From the thrust profile presented in Fig. 7.10(f), it can be clearly noticed that it has a
high-frequency oscillating trend, from the middle of the flight onward. While this behavior is
certainly suboptimal under nominal conditions, it represents what the network considers the
best strategy to cope with uncertainties and initial condition dispersions. From the network’s
point of view, this thrust profile is acceptable, since no constraints are given on how quickly
the thrust can change between two time steps. In the problem formulation, no requirement is
set on the maximum thrust rate. However, this kind of profile would be extremely challenging
to be executed by a real rocket engine due to the totally unrealistic thrust rates required.
Nevertheless, one objective of this thesis is to develop a guidance policy feasible to be im-
plemented in an operational scenario. To address this issue, the thrust magnitude is converted
to an additional state, similar to what was done for the other actuators (TVC and fins), and
the thrust rate becomes a new control variable. The new solution is implemented by adding Eq.
(7.27) to the EOMs, clipping the thrust between 40 kN and 100 kN, and limiting the thrust
rate between -10 kN/s and 10 kN/s, which is a reasonable range for this class of engines.

T = uy (7.27)

With this new formulation, the learning process now includes a thrust magnitude rate con-
straint, encouraging the agent to develop a smoother, more realistic thrust profile. It is trained
considering all uncertainties, including also the control and navigation ones.

In Fig. 7.11(a-e) and Table 7.10, it can be clearly seen that all the 1000 simulations meet
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by far the terminal constraints for position, horizontal velocity, angular rates, and vertical
angle, with mean close to zero and small standard deviations indicating the absence of outliers.
Hence, it stands out that this is by far the best training done. Even the vertical velocity is
significantly improved with respect to any other training, with a mean value slightly below
-3 m/s, compared to -5 m/s of the Baseline. Figure 7.11(e) shows that there are also about
70 simulations that land with a vertical velocity between 0 and -2 m/s, thus meeting all the
terminal constraints, without the need for any terminal patch. This policy consumes slightly
more fuel, primarily due to the extra terminal velocity reduction compared to other trainings.

The exact reason why the network performs better with the inclusion of the thrust rate is
not trivial to infer. Previously, the rocket could instantly adjust thrust levels to correct state
variables over short periods. Introducing the thrust rate constraint spreads the correction
maneuvers over a longer time, making actions have prolonged consequences. The GTrXL
architecture effectively captures these relationships during training, optimizing the final policy.

For instance, when a specific thrust level is needed for maneuvers, it takes longer to reach it
and return to the minimum level. This potentially helps the reduction of the terminal vertical
velocity, because spreads the thrust acceleration over a longer time. Additionally, not having
thrust spikes also assists during the training phase. When enforcing the thrust rate constraint,
if the thrust is increased too late during the flight, it may happen that the rocket lands with
an excessively large vertical velocity, because it does not have enough time to increase the
thrust magnitude to an acceptable level. In such a case, less time would be spent in favorable
states to take advantage of the position reward, decreasing the final return value. Similarly, if
thrust is increased prematurely, the vehicle might achieve zero vertical velocity several meters
above the landing site, missing the touchdown reward. Since the agent experiences all these
situations during the training, it learns to manage them effectively.

Comparing the nominal thrust profile from this training (Fig. 7.11(f)) to the one from the
optimal trajectory, it is evident that they are significantly different. In the optimal trajectory,
thrust remains at the minimum value and switches to the maximum for the last 3 seconds of
flight, consuming a total of 501.45 kg of fuel. Conversely, in the nominal scenario, the RL
policy has a thrust magnitude that never reaches the maximum value, varying between 40 kN
and 60 kN for about 15 seconds of flight, consuming a total of 531.77 kg (6% more than OCP).
If the rocket would land with 0 m/s the mass consumption would be even higher. Comparing
the thrust profile including rate constraint (Fig. 7.11(f)), to the one without it Fig. 7.10(f), it
is clear that the latter has some unfeasible local spikes, while the former has a much smoother
realistic, never reaching the upper limit.
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Figure 7.11: Plots thrust rate policy.
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As presented in Fig. 7.12(b,c,e,f), due to the position reward component, the rocket
initially reduces its horizontal position and velocity by positioning itself directly above the
landing site, then it descends almost vertically. The 3D trajectories (Fig. 7.12(m)) illustrate
this, also highlighting the terminal maneuvers to drive the terminal position close to zero. Such
a flight profile is different from the optimal one (Fig. 6.8), but it enables the rocket to use less
TVC deflections once it is vertically above the landing site. Hence, instead of largely reducing
the velocity at a given point during the flight, the rocket gradually reduces its velocity while
descending (Fig. 7.12(d)), to spend more time in regions where it can gain advantages for the
cumulative reward. Since the weight of the position component is larger than the mass one,
actions are performed to prefer the former to the latter. On the other hand, in the optimal
trajectory, there is only the mass objective, so the rocket goes as quickly as possible toward the
landing site, increasing the thrust only at the last instant possible to meet terminal constraints.

In Fig. 7.12(j,k,1), it can be observed that the angular rate path constraints of 15 deg/s are
locally exceeded, for certain simulations. However, as mentioned in Section 6.3.3, this is not a
hard constraint, and local violations are accepted, as long as they are correctly handled by the
G&C algorithm. Moreover, the violation is less pronounced than in the traditional closed-loop
solution (Fig. 6.8(j,k,i)). Figures 7.12(h,i) illustrate how the rocket, starting from a tilted
attitude, initially oscillates around zero, eventually stabilizing into a vertical orientation at
about half of the flight time. This behavior is driven by the reward function that gives a bonus
any time that the vertical angle is lower than 50 degrees, regardless of the oscillations.

Finally, this policy is tested on a larger set of initial conditions, compared to the ones where
it was trained, doubling (or more) the initial dispersion from the nominal trajectory. The exact
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set of initial conditions and the plots illustrating the results are shown in Appendix D. 947
out of 1000 simulations are partially successful. The vertical velocity is the only constraint
violated, even if typically only by a couple of m/s. Therefore, the RL-based policy can adapt
to a significantly extended scenario outside the training conditions. Since the agent has never
experienced these states during training, it does not have a consolidated input-output mapping
for them, trying to extrapolate the actions to execute. It may take random actions due to the
lack of knowledge. Nevertheless, once it enters the known portion of state space, it is able to
recover, landing with correct terminal states in most cases. For certain sets of initial states,
the discrepancy is too large that the simulations completely diverge. As expected, the more
the initial states are enlarged with respect to the training set, the more simulations fail.
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Figure 7.12: RL 1000 Monte Carlo simulations results including thrust rate constraint.
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7.4. Power consumption analysis

Figures 7.12(n,0,p) show the nominal profile for TVC and fins deflections. Compared to
6.8(n,0,p), they present a high-frequency oscillation, because the network always tries to cor-
rect the rocket’s state to achieve a better reward. Since there is no term penalizing the control
effort in the reward function, the RL policy respects the deflections and rates constraints, but
it does not enforce any additional smoothness. Therefore, a preliminary analysis of the power
that they use is performed, to assess the feasibility of these quick and frequent deflections on a
real vehicle. The power consumption of each actuator is calculated by multiplying the inertia
by the actuator’s angular velocity and acceleration rate:

P = I (7.28)

The fins are modeled as thin plates, while the engine as a hollow thin-wall cylinder, calculating
their inertia as in Eq. (7.29). Table 7.11 summaries the values used to calculate the inertia,
estimated on the vehicle taken in consideration, and similar hardware currently available.

1 1
Itin = Emf,-anj and  Iengine = 5 Mengine [3(rf +13) + h?] (7.29)

To understand the total energy consumption (i.e., work) throughout the entire flight, the power
consumption (Eq. (7.28)) of two TVC and four fins actuators are integrated over time and
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Table 7.11: Fins’ and engine’s dimensions.

Variable ‘ Value ‘ Unit

M fin 40 kg
L, 1 m
Mengine 250 kg
1 0.5 m

(] 0.48 m

h 1.5 m

summed up. Taking the mean value of the Monte Carlo simulations for the thrust rate RL
policy, it yields 21.5 kJ, which is equivalent to about 6 Wh. Out of 1000 simulations, the
maximum peak power consumption is about 3.5 kW.

It is reminded that given the modeling of the inertia, the power consumption is only
a first estimation of the real energy drained by the actuators. By changing the value of
the inertia of the fins and TVC, also the power consumption changes linearly. However, as
first approximation is representative of the orders of magnitude of the power consumption.
Nevertheless, it is very hard to find real-world missions to compare the numbers. Only the
metrics for the Space Shuttle missions are found, which is a significantly larger vehicle. The
Space Shuttle can handle power peaks up to 36 kW, and a total energy available larger than
3000 MJ (i.e., 850 kWh) for a 7-day mission (NASA, 1981). Reconverting the total energy to
the 40-second simulation of the terminal rocket landing, it yields about 56 Wh available. The
Space Shuttle and the vehicle analyzed in this thesis are different, considering the missions
and the dimensions. However, the power consumption of the rocket landing is about one order
of magnitude less than the Space Shuttle for the peak power, as well as for the total energy.
Therefore, it is considered appropriate and available in flight. It could be reduced, by lowering
the maximum deflection rate of the fins actuators, which is what drains the most power.

The closed loop solutions, where the LQR tracks an optimal trajectory, drain significantly
less energy. While the maximum peak power out of 1000 Monte Carlo simulations is about
3.5 kW (similar to the NN-based results), the total energy consumed is approximately 1 kJ
(i.e., 0.3 Wh), which is about 20 times less than the RL solution. The reason for such lower
values is due to smoother nominal control profiles and lower effort done by the LQR controller,
compared to the frequent corrections applied by the RL policy.

7.5. Lyapunov stability
In G&C algorithms ensuring the stability of the controlled system is crucial for mission success,
especially when uncertainties are present. Stability guarantees predictable performance and
prevents deviations from the intended trajectory. Classical controllers are typically analyzed
for asymptotic stability, often by assessing the negativity of the real part of the eigenvalues of
the linearized closed-loop system, as in Lyapunov’s Indirect Method (K halil, 2002).
DRL-based strategies are really attractive in controlling complex non-linear systems, in
presence of uncertainties, which are difficult to control with conventional techniques. However,
they lack explainability and formal proof of the stability of the policy they generate. To date,
it has not been developed yet a rigorous formulation to prove the stability of such a system.
Therefore, RL-based controllers are not yet widespread in real-world applications, due to the
lack of safety guarantees of the stability of their behavior once deployed. What has been done so
far to implement safe reinforcement learning policies, is to train an additional neural, in parallel
to the policy network, to synthesize a Lyapunov function, providing a stability guarantee for
the system (Manfredi et al., 2022). A less rigorous, but quicker approach, employed by Fereoli
et al. (2024), involves checking post-training that a set of trajectories from a Monte Carlo
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campaign are asymptotically stable with respect to a given Lyapunov function. In both cases,
candidate Lyapunov functions are used, and Lyapunov’s Direct Method is used to demonstrate
the asymptotic stability of the system (Khalil, 2002).

Differently from the Indirect Method, which applies only to linearized systems, the Di-
rect Method proves whether a nonlinear system is asymptotically stable, without the need
of linearizing it around an equilibrium point. This method can be used in the synthesis of
Lyapunov-based controllers, as well as to numerically assess the stability of a large set of
Monte Carlo simulations. It is remarked that, in the second case, it is not a mathematical
proof of the stability of the policy. Nevertheless, if the Monte Carlo set is large enough and
representative of real-world scenarios, it can serve as a practical proxy for policy stability.

The definition of Lyapunov stability is: Considering an autonomous non-linear dynamic
system x = f(x), and an equilibrium point X of the system, for which f(X) = 0, the system,
around that equilibrium point, can be:

« Stable: for any € > 0, there exists 6 > 0 such that ||x(tg) — X|| < J then ||x(t) — x| <
for all t > ¢.

« Asymptotically stable: if the equilibrium point X is stable, and [|x(t) — x| — 0.

The definition describes a local stability around the equilibrium point, but if the limit to zero
holds true for the entire state space, the stability is global.

Based on the Lyapunov stability definition, Lyapunov’s Direct Method provides a formula-
tion to assess the asymptotic stability of a non-linear system. Given an autonomous non-linear
dynamic system x = f(x) and considering an equilibrium point X, a system is said to be
asymptotically stable if there exists, in a finite neighborhood D of the equilibrium point, a
differentiable scalar function V' (x) for which the following conditions hold:

1. V(x) >0,¥x #x€Dand V(x) =0
2. V(x) <0,¥x #xe D and V(%) <0

If D includes all the possible states, then the system is globally asymptotically stable.

For the problem at hand, the equations considered are the EOMs as shown in Eq. 6.5, and
the equilibrium point is made of the terminal states.

The candidate Lyapunov function is a positive-definite quadratic function V(x) = xPx,
where P is a matrix with all zeros, except for the diagonal, which is made of all 0.5.

Figures 7.13(a,b) show the Lyapunov function and its derivative for 1000 simulations run
with the Baseline GTrXL-based policy. It stands out that for all simulations the function
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Figure 7.13: Numerical Lyapunov stability results.
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is always positive, and it reaches zero in the equilibrium point. Moreover, the derivative
is always negative, ensuring the asymptotic stability of the policy. This analysis, combined
with the results of the Monte Carlo campaign, indicates that the system is stable even under
varying uncertainties in the dynamics and initial conditions, avoiding catastrophic outcomes or
instabilities. However, it does not constitute theoretical proof of the global asymptotic stability
of the system, as there could still be untested combinations of uncertainties that might lead the
rocket to an unstable state. Nonetheless, 1000 uncertain runs are considered a representative
set of all the possible combinations encountered in the real world.

7.6. Summary

From the previous sections, it stems out that including the thrust rate constraint yields the
best RL policy, fulfilling all the terminal constraints, except for a slight violation of vertical
velocity of 1 m/s on average (Section 7.3.8). Nevertheless, it was also demonstrated that the
vertical velocity constraint can be met, reaching 100% success rate, if thrust is enforced to
increase in the last 3 meters of flight, using uniform accelerated motion (Section 7.3.7).

The RL policies showed excellent robustness to a large set of dispersed initial conditions,
uncertainties in density and aerodynamic coefficients, and navigation and control errors, man-
aging to drive the rocket to the landing site (Section 7.3.4). Moreover, the NN presented also
robustness to variations in its internal hyperparameters. The only key factor strongly affecting
the accuracy of the solution is the attention dimension, which directly regulates the size of the
network. Using a small network with not enough internal weights and biases drastically in-
creased the number of failed simulation (Section 7.3.2). This effect was also experienced when
removing the previous actions and rewards as input to the network, without increasing the
attention dimension accordingly, provoking a reduction of the network’s size. It was demon-
strated that the GTrXL-based policies perform better than the LSTM-based ones, confirming
the theoretical better performance of the first one in complex problems due to its particular
architecture (Section 7.3.3).

RCS was introduced to compare with the second controller architecture from the conven-
tional guidance and control strategy. It was discovered that the performance declined com-
pared to the policies without RCS. Likely, the increase in complexity without a corresponding
enlargement of the network’s size makes it unable to capture all the features (Section 7.3.5).

It was found that the mass observation can be removed from the network’s input, without
affecting the performance. In contrast, the TVC and fins deflections are essential knowledge
for the network to understand the underlying dynamics (Section 7.3.6).
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Conclusions and recommendations

Section 8.1 gives insights about the findings of this thesis, drawing conclusions on the Reinforce-
ment Learning (RL) approach used for rocket landing, directly addressing the four subquestions
stemming from the main one. Hence, an overview of the advantages of using Neural Networks
(NNs) and RL is presented. In Section 8.2 the recommendations for future works are laid out,
explaining how to tackle the still partially unresolved issues.

8.1. Conclusions

The work developed in this thesis aims to answer the following research question:

Main Research Question }

How can Machine Learning improve the robusiness of a guidance system
with real-time capability, for the powered landing phase in an uncertain
(atmospheric) environment?

A direct answer to the research question is that embedding dispersed initial conditions,
dynamics, control, and navigation uncertainties into the training of a NN using Meta Rein-
forcement Learning (meta-RL) yields potentially better performance in rocket landing guidance
compared to a conventional feedback Guidance and Control (G&C) method, composed of a
Linear Quadratic Regulator (LQR) controller tracking an optimal trajectory.

The key advantage of RL is that the models and the uncertainties are part of the training,
directly optimizing a robust policy. Furthermore, the computational burden is only in the
training process, which can be very long. However, once deployed in real-time, the forward
pass of the NN takes just a few milliseconds, because it is a sort of mapping between states and
controls. Therefore, very detailed guidance policies that use complex models close to reality can
be run online, meeting onboard computer requirements. Other traditional methods that may
outperform RL in simulations, such as model predictive control or predictor-corrector methods,
typically introduce simplifications and/or assumptions to achieve fast enough convergence,
possibly leading to a degradation of their performance when used in real scenarios.

Research Subquestion 1 }

What is the best Machine Learning method to be used in a guidance system
for an atmospheric powered landing mission scenario?

As found out during the literature study, a Machine Learning (ML) method stands out
to be used for atmospheric powered landing guidance. By learning from a potentially unlim-
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ited experience, rather than on a limited dataset, RL outperforms Supervised Learning (SL),
enabling better generalization and the ability to cope with situations unseen during training.

Meta-RL is the method used to embed uncertainties and dispersed initial conditions in the
training process to create a robust policy, while Proximity Policy Optimization (PPO) is the
state-of-the-art RL algorithm that successfully trains the network to learn an optimal policy.

Recurrent and attention-based NNs are employed to output the optimal control actions,
leveraging current states and a history of past observations. It was initially hypothesized
that the latter would perform better than the former due to their ability to learn longer-term
dependencies in time series. Indeed, results confirm that attention-based networks like Gated
Transformer XL (GTrXL) outperformed recurrent ones like Long-Short Term Memory (LSTM),
because they do not compress all the past information in just two internal states, but they
represent it with a much larger amount of internal parameters.

For instance, LSTM policy shows consistently higher mean values and many more simula-
tions violating the terminal constraints. While the best GTrXL-based policy reaches 1000/1000
successful runs, the best LSTM-based network stops at 489/1000. Failed runs in LSTM-based
architectures exceed the terminal constraints by a huge margin on all the state variables, while
the ones failing in GTrXL policies typically deviate by just a few degrees or degrees per second
in vertical angle or angular rates.

Research Subquestion 2 }

How can the training process of a Machine Learning algorithm be improved
for a rocket landing guidance system?

Training a NN for optimal landing guidance involves several challenges, with the reward
function being the most critical, as it determines what the network learns. Creating a correct
reward function for complex problems with many states and controls is hard. Balancing multi-
ple, often conflicting, objectives within a single scalar reward requires extensive trial and error.
For instance, emphasizing vertical velocity might improve its accuracy but degrade angular
rates. Moreover, even a slightly wrong formulation of a single term can lead to catastrophic
situations where the agent maximizes a reward function, which is not the intended one.

A successful approach is to use dense rewards (bonuses/penalties at each step), based on
the quality of the observed states, and episodic rewards (given at the episode’s end), based on
terminal constraint violations. Logarithmic expressions for dense rewards are effective when
a state has an attraction point, such as guiding a rocket’s position to the target landing site.
For episodic rewards, quadratic penalties for terminal violations and logarithmic bonuses for
compliance are effective, pushing the network to stay within limits with a margin.

Tuning the GTrXL hyperparameters is another major challenge affecting results quality.
Sensitivity analysis shows that the attention dimension significantly impacts the ability to
learn an optimal policy. A smaller attention size, such as 64, drastically reduces the partially
successful runs to 28/1000, resulting in poor performance and large error dispersions. Similarly,
removing previous actions and rewards with an attention dimension of 128 gives a meaningless
policy. Both scenarios experience a reduction in network weights and biases: 215,175 and
329,991 compared to 585,991 in the Baseline case, respectively. This suggests that network
size (number of weights and biases) is more crucial than attention dimension or previous
actions and rewards. For instance, increasing the attention dimension to 256, while excluding
previous rewards and actions, makes the internal parameters surge to 1,282,567, yielding good
performance with 1000/1000 partially successful runs, where only vertical velocity is violated.
Thus, the network size is the most important factor affecting solution quality, rather than other
hyperparameters like the number of heads, encoder layers, or sequence and memory length.
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Research Subquestion 3 }

How accurate are the performances of the developed guidance system in
terms of mass consumption and terminal pose?

98.7% of the simulations from the Baseline Monte Carlo campaign meet all terminal con-
straints, except for vertical velocity. The horizontal position has about 1-meter precision, and
horizontal velocity is accurate to submeters per second on the y- and z-components. The
average landing vertical velocity is around -5 m/s, slightly exceeding the -2 m/s constraint.
The vertical angle has a mean value of around 1 degree, with only two simulations violating
the 3-degree limit. Angular rates are 1 deg/s on average, with just 13 runs exceeding the 3
deg/s limit. As vertical velocity approaches zero, angular rates increase due to wind sensitivity
and efforts to maximize rewards by spending time in high position bonus states. The average
mass consumption is about 500 kg, but reducing vertical velocity to zero would increase fuel
depletion.

The hyperparameter sensitivity analysis reveals not only that reducing network size neg-
atively impacts performance, but also that tweaking certain values leads to different learned
policies that capture various features. By varying the number of heads, sequence and memory
length, or encoder layers, the NN focuses on different aspects of the problem, converging to
different local minima despite achieving similar cumulative rewards. For instance, some poli-
cies, like the one using a sequence and memory length of 125, result in higher terminal vertical
velocity while meeting all the rotational constraints. In contrast, the policy using two heads
yields lower vertical velocity but occasionally exceeds angular rate and vertical constraints.

Remarkably, the RL policy demonstrates robustness not only to dispersed initial conditions
and uncertainties in density, aerodynamic coefficients, and winds but also to additional errors
in navigation and control variables. Results highlight that the NN effectively handles these
disturbances, confirming that embedding all uncertainties in the training process produces
a robust final policy. Similarly to the Baseline, all the terminal variables have mean values
close to the target of zero, respecting the terminal constraints in all the 1000 Monte Carlo
simulations, except for the vertical velocity, which is -6 m/s on average.

Since mass is typically not measured by onboard sensors, training a NN without it as
input demonstrates no performance degradation compared to the Baseline. However, removing
inputs like Thrust Vector Control (TVC) and fin deflections leads to a decline in performance,
as the NN requires knowledge of the current deflections to accurately command the rates
required to generate the desired forces and torques.

To address the high-frequency oscillatory behavior in the thrust profile, which is incom-
patible with typical rocket engines, a new NN is trained using thrust rate as the control input
to limit these oscillations. The results show that position, horizontal velocity, angular rate,
and vertical angle performances remain excellent, fulfilling these constraints across 1000 Monte
Carlo runs. Remarkably, 67 simulations respect all the constraints, vertical velocity included.
Its mean value is improved to approximately -3 m/s, very close to the -2 m/s constraint. The
fuel consumption is increased by about 30 kg, reaching a mean value of 536 kg.

To improve the consistently exceeded vertical velocity constraint, a terminal patch is de-
veloped by fixing TVC deflections to zero and increasing thrust magnitude in the final meters
above ground using uniformly accelerated motion. This simple strategy works very well, effec-
tively reducing the vertical velocity within its constraint when it is the only one violated. This
patch does not address other violations, such as those related to rotational motion if they were
already present. Results illustrate that all the terminal constraints, including the terminal
velocity, are met for all the 1000 runs. This means that 100% success is reached, enhancing
the NN policy with terminal guidance in the last 3 meters above ground.
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Thus, the meta-RL policy, validated through extensive Monte Carlo campaigns, has proven
to be robust to many uncertainties on winds (GR-12, GR-13), aerodynamic coefficients
(GR-11), atmospheric density (GR-~10), as well as navigation and control errors (GR-14,
GR-15), and dispersed initial conditions on every state variable (MR-01, MR-02, MR-03,
MR-04, MR-05). It meets terminal constraints on position (GR-03, GR-04), horizontal
velocity (GR-06), angular rates (GR-09), and attitude (GR-07). While the vertical velocity
is slightly violated, a correction can be implemented and successfully applied to fulfill also this
requirement (GR-05). The policy shows good potential to run in real-time since a NN forward
pass outputs the control actions in only 6 ms on average (GR-01). This thesis demonstrates
that a meta-RL approach can develop a robust G&C policy for rocket landing. This work
advances existing literature by combining RL with the innovative GTrXL and incorporating a
more complex environment with 6-Degrees Of Freedom (DOF) uncertain dynamics, dispersed
initial conditions, wind, aerodynamics, and more accurate vehicle and environment models.
Additionally, it leverages a broader range of controls, like thrust magnitude, engine deflections,
and aerodynamic fins, as used in real rocket landings.

The results are compared with the most similar RL-based atmospheric rocket landing
guidance paper. Rosa et al. (2023) use a 6-DOF high-fidelity environment, using only TVC
and thrust magnitude, and starting from 3 km of altitude. Training a fully connected network
with Deep Deterministic Policy Gradient (DDPG), they show a 97% success rate in 1000 Monte
Carlo runs, considering a 5% and 3% initial dispersion on position and velocity. However, they
allow larger terminal constraints, 10 m/s and 3 m/s on vertical and horizontal velocity, or 5 deg
on vertical angle. This thesis also employs a similar 6-DOF high-fidelity simulator, including
a variable Mass, Center of Mass and Inertia (MCI) model, largely dispersed initial conditions
on every state variable, as well as dynamics, control, and navigation uncertainties. Including
control rate constraints and additional actuators such as aerodynamic fins, further increases
the model’s complexity, making it more realistic. If the same terminal constraints as in Rosa
et al. (2023) were considered in this thesis, the success rate for many Monte Carlo campaigns
would be 100%. Despite stricter constraints defined in this thesis, the results are remarkable,
meeting them all in 1000/1000 simulations, except for the vertical velocity, which is resolved
by applying a terminal patch, ultimately achieving 100% success rate.

Research Subquestion 4 }

How does the Machine Learning-based guidance system perform compared
to the state-of-the-art solutions in a strongly perturbed environment?

Comparing the RL Baseline policy to the one obtained with the optimal trajectory tracked
by the LQR controller, it can be clearly seen that the former outperforms the latter in every
single terminal variable, except the vertical velocity. For example, the mean norm of the
horizontal position is about 1 m for RL, while it is close to 7 m for the other case. Similarly,
the norm of horizontal velocity and angular rates are, on average, about 1.5 m/s and 3.75
deg/s in conventional feedback guidance and control, compared to 0.25 m/s and 1 deg/s in
RL Baseline case. Only the vertical angle is similar, while the vertical velocity is better using
traditional methods. However, the vertical velocity can be corrected in the RL approach using
a terminal guidance patch, leading to excellent performance in all terminal constraints, with
RL’s best result achieving 1000 successful runs, compared to 390 with LQR.

Mass consumption is similar between the two policies, with a slightly larger value for the
RL case. This is expected since the nominal trajectory is optimized only for fuel consumption,
while the cost function in RL includes many more terms. For example, comparing the best
RL results (i.e. training including thrust rate) with the closed-loop simulations, the former
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consumes approximately 6% more fuel.

The conventional approach performs poorly due to the strong interactions between trans-
lational and rotational motions, which are controlled separately by two 3-DOF loops. This
separation proved to be suboptimal for tightly coupled interactions. For instance, TVC deflec-
tions, meant for rotational control, create moments that are also influenced by thrust magni-
tude, which is intended only for translational control. In contrast, RL effectively accounts for
these interactions during training, allowing the NN to learn how specific actions impact both
motions simultaneously and to generate policies that consider their combined effects.

Moreover, LQR is not the best control technique to handle so many uncertainties. It uses
a linearized model around reference states and controls from a nominal trajectory, without
consideration for uncertainties during the synthesis process. Conversely, the RL problem is
already trained on the non-linear dynamics, incorporating all the uncertainties and initial
dispersions, so that the NN can experience the possible effects and learn how to be robust.

To increase the separation between translational and rotational motion, Reaction Control
System (RCS) is added, and TVC deflections are moved to the outer loop. The performances
increase, with mean values closer to the target of zero, but 430 simulations still fail. The results
are still far from those achieved by RL because the interactions between the inner and outer
loop are still present, requiring careful tuning to avoid catastrophic instabilities.

The tuning of the LQR controller is a time-consuming process, primarily due to the need
to iteratively adjust the Q and R matrices to balance state and control deviations. This trial-
and-error process often involves many cycles to achieve a successful Monte Carlo campaign,
with outcomes highly sensitive to even minor changes in the weight matrices.

Generating an optimal trajectory is also a very challenging part. Using software such as
ICLOCS is not as straightforward as it seems, requiring a careful understanding of the effect of
many parameters such as tolerances, number of nodes, and transcription methods. The correct
settings have to be found and the generation of a single trajectory takes up to several hours.

8.2. Recommendations for future work

The conclusions show that the RL policy is successful and robust to many types of uncertainties,
improving the results with respect to an optimal trajectory tracked by an LQR controller. This
section focuses on recommendations directly related to improving the current RL policy:

« Reward function optimization: As presented in the majority of the policies, the
terminal vertical velocity typically violates its constraint, even if by only a few m/s.
Even if by adding a terminal patch to correct this issue 100% success rate was achieved,
future research could try to integrate the fulfillment of this constraint into the policy
generated by the network. To address this, a different expression for the velocity in the
reward function could be developed, eliminating the tracking of the exponential profile.
For example, a logarithmic bonus could combine the advantages of reducing the velocity
while the vehicle gets closer to the landing site.

e Low-altitude wind modeling: When the rocket has a low velocity at low altitude it
is highly sensitive to the winds. This also happens because the wind in these states is
still significantly high. However, it is known that close to the ground, the wind intensity
usually decreases. Therefore, implementing an exponential profile that goes from zero
velocity at ground level to a steady-state value at a certain altitude could mitigate wind
effects during the final descent.

e Penalization control effort: In the RL policies, the control profiles for TVC and fin
deflection angles present frequent oscillations, due to continuous maneuvers to generate
forces and moments to increase the total reward. These profiles respect all the constraints
initially set, but a penalization of the control effort could be introduced in the reward
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function to encourage the agent to have a smoother control profile, beneficial for real
applications.

Alternative reward formulation: It could be beneficial to test a new reward function,
using a piecewise formulation made of two terms. The first one would be identical to
the one used in this thesis, but instead of the landing site, it would target a position
10 meters above it. Then, the second term would give bonuses for a vertical terminal
motion. In this way, the agent would learn to meet all the constraints on rotational and
translational motion at the end of the first leg, while it would learn to enforce a vertical
motion to drive the vertical velocity to zero in the second part.

Stability of the policy: Lyapunov Direct Method was used to numerically assess the
stability of the policy, analyzing results of Monte Carlo simulations. Even if it suggests
a stable policy, it is not a theoretical proof. More refined approaches could be explored,
such as using an additional network to generate a Lyapunov function to embed stability
already during training.

Additional recommendations for further expansion of this research are presented, to enhance
the realisticity of the RL policy in an operational scenario.

Implementation of Kalman filter: The navigation errors are introduced as Gaussian
noises, but future research could include state estimators like a Kalman filter, to increase
the fidelity of the Guidance, Navigation, and Control (GNC) system and RL policy.

GPU training: Implementing the use of GPU in the training process, may be beneficial
to speed it up, reducing it from the approximately five days necessary when only the CPU
is used.

Testing different NN architectures: It would be interesting to compare the perfor-
mance of RL with Transformers-based NNs to other NN architectures. For example, any
SL technique is discarded in this thesis due to the very long time to generate the optimal
trajectories. However, pre-training the network with behavioral cloning may speed up
the RL training time. Another interesting option could be the use of Physics-Informed
Neural Networks, imitating trajectories while enforcing the dynamics constraints.

Comparison with other conventional G&C strategies: Given the coupling issues
arosen with the two 3-DOF controllers, using a unified 6-DOF controller for translational
and rotational motion, as done in Sagliano et al. (2023) could improve the performance
of the LQR controller. It would be interesting to compare the RL policy with more
sophisticated conventional G&C strategies that are more suitable for robustness to un-
certainties by design, such as Hy,. Also exploring different guidance methods like Convex
Optimization could provide a meaningful comparison with RL.

Expansion mission scenario: Future research could enlarge the initial conditions,
including the aerodynamic descent, before the powered landing. It would be interesting
to understand whether, using meta-RL, the agent would learn the optimal switch between
the aerodynamic and propulsive phases, to achieve a successful landing.

Flexible vehicle and fuel sloshing: Including more complex vehicle models, such as
structural bending and fuel sloshing would increase the accuracy of the solution. There-
fore, the learned policy would be more realistic, and closer to the one needed in an
operational scenario.
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Research plan

A.1. Work packages division and Gantt Chart

In the context of evolving space exploration demands and requests for cost-effective satellite
launches, the focus has shifted towards achieving reusability in space vehicles, notably through
precise powered vertical landings. SpaceX’s success with Falcon 9 first-stage landings has been
groundbreaking, introducing a significant improvement in the space launch industry. Similarly,
NASA’s Moon to Mars Architecture highlights the importance of pinpoint landing accuracy
for establishing a future sustained human presence on these two bodies. However, achieving
such precision poses challenges, as existing landing ellipses are typically kilometers wide due
to many uncertainties, such as those on vehicle performances and environmental conditions.
The powered descent and landing phase, which is the terminal stage of a mission, heavily
relies on Guidance, Navigation, and Control (GNC) systems to enhance accuracy. While
traditional analytical guidance algorithms have been used, recent advancements in mathemat-
ics computational power have enabled the exploration of Computational Guidance methods,
such as convex optimization techniques. These methods offer real-time capabilities and fast
convergence, even if they introduce simplifications and assumptions in the problem formula-
tion. After the recent technological surge of Machine Learning (ML) applications, techniques
such as Supervised Learning and Deep Reinforcement Learning (DRL) have also been applied
to aerospace research and studies, showing promising results in spacecraft landing guidance.
DRL, in particular, offers real-time capability and robustness to uncertainties, presenting a
novel approach for powered landing guidance. Moreover, Transformer-based and recurrent
neural networks are the most suitable architecture to provide the capabilities of capturing
long-term dependencies. This ability is at the core of meta-RL and it is extremely useful when
sequential optimal actions have to be taken in uncertain environments.

The objective of this research is to develop an ML-based guidance algorithm to enhance
adaptability and robustness in powered descent and landing scenarios, particularly in Earth-
like environments. The problem formulation includes 6-DOF dynamics and accurate vehicle
and environment models to enhance the application of the solution in a real scenario. The
reference scenario is a rocket, equipped with four fins and one gimballed engine, during its
powered descent landing phase. The proposed algorithm will be trained to optimize spacecraft
trajectories while satisfying path and control constraints, with performance comparable (or
superior) to traditional optimal control solutions. Therefore, the research question is:

How can Machine Learning improve the robustness of a guidance system with real-time
capability, for the powered landing phase in an uncertain (atmospheric) environment?

The main research question is then broken down into multiple subquestions that will be ad-
dressed during the thesis, in a, more or less, chronological order.
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o [RQ 1] What is the best Machine Learning method to be used in a guidance
system for an atmospheric powered landing mission scenario?

 [RQ 2] How can the training process of a Machine Learning algorithm be
improved for a rocket landing guidance system?

+ [RQ 3] How accurate is the performance of the developed guidance system in
terms of mass consumption and terminal pose?

e [RQ 4] How does the Machine Learning-based guidance system perform com-
pared to the state-of-the-art solutions in a strongly perturbed environment?

The first one is already partially answered in the Literature Study, where Supervised and
Unsupervised Learning are ruled out with respect to RL, which is the chosen method. This
choice stems from the fact that the first two methods are inherently limited by their training
dataset. Learning from a potentially unlimited experience with RL, rather than on a limited
dataset with Supervised Learning, gives the advantage of generalization and the ability to the
network to cope with situations unseen in the training.

In particular, meta-RL has shown better performance in similar space guidance problems,
where the optimal action does not depend only on the current observation, but also on the
history of previous states. This method is used to train specific neural networks that are able
to leverage previous information to learn an internal policy so that they can cope with a broad
set of uncertainties. PPO is the state-of-the-art RL algorithm, which is used in the large
majority of continuous control problems, and it is used also in this thesis. The neural networks
chosen to be used in this thesis are LSTM and GTrXL. The first is a type of Recurrent Neural
Network, largely used in meta-RL and in similar space guidance applications, while the second
is an attention-based Transformer neural network, broadly used in Large Language Models,
such as ChatGPT. It is not widely employed in RL problems, but it is chosen because it can
potentially improve the state-of-the-art solutions due to its ability to capture dependencies in
long sequences. The two neural network architectures are then compared to understand the
differences in performance.

The work of this thesis is divided into work packages:

A Benchmark simulator (week 7-10)
Objective(s): The first objective is to develop the 6-DOF flight simulator with the
models used by the benchmark guidance and to test each module alone, before a system
verification. The second objective is to generate the benchmark using direct optimization
software (ICLOCS). After that, the control output will be used to perform the system
verification and to compare the results with the Benchmark paper.
Required inputs to start: Mathematical formulation of the simulator models.
Tasks:

Define input-output interfaces between simulator blocks (1 day)

Set up simulator high-level architecture (1 day)

Implement problem equations of motion (0.5 days)

Implement transformations between reference frames (0.5 days)

Implement environment models (atmosphere, gravity, aerodynamics) (1 day)

Test each simulator module with unit testing against the expected outcome (1 day)
Report on models implementation and verification (2 days)

Set up mathematical model with direct optimization software (ICLOCS) (2 days)

© 0N O WD

Implement mathematical formulation of the problem with direct optimization (3
days)
Generate optimal solution (2 days)
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11. Report results of benchmark solution (3 days)
12. System verification of flight simulator using control outputs from benchmark (1 day)

Expected outcome: The first expected outcome of this work package is a verified 6-
DOF flight simulator. The simulator is developed in Python. Concurrently, the same
simulator is developed also in MATLAB to be used by the direct optimization software.
Another outcome is the exact matching of results between the two simulators. Finally,
another expected outcome is the generation of the benchmark solution, which has to be
coherent with that from the publication of Lee and Lee Lee and Lee (2022). The last
expected outcomes are the writing of the sections on simulator development, verification,
and benchmark generation.

B Advanced simulator (week 11-12)
Objective(s): Improve the complexity of the simulator to include higher-order effects
to reduce the simulation-reality gap.

Required inputs to start: First verified version of the simulator.
Tasks:

1. Implement more complex models (e.g.: include wind, include earth rotation term,
include variable gravity, higher initial altitude) (2 days)

2. Unit testing of new models (1 day)

. Generate optimal solution with more advanced models using ICLOCS (2 days)

4. System verification of simulator using optimal solution with more advanced models
(1 day)

5. Generate optimal trajectory plots (1 day)

6. Report on results (2 days)

w

Expected outcome: The first expected outcome of this work package is a more accurate,
verified, simulator. Moreover, it is expected that a new optimal trajectory from extended
initial conditions and with more complex models is generated. Finally, it is expected to
complete the chapter on simulator development and verification.

C Guidance (week 13-16)
Objective(s): In this work package, the objective is to preliminary develop the guidance
system based on meta-RL. First, the meta-RL architecture needs to be set up, and an
interface with the simulator needs to be implemented, for both LSTM and Transformers
architecture. Then, a reward function is developed. Initial training trials of the network
should be performed.
Required inputs to start: Fully developed and tested simulator.
Tasks:

Set up meta-RL framework (2 days)

Implement Transformers-based neural network architecture (2 days)
Implement LSTM neural network architecture (1 day)

Develop interface RL guidance with simulator (3 days)

Develop reward function for RL algorithm (3 days)

Implement reward functions (1 day)

Train network with different reward functions (4 days)

Report implementation meta-RL guidance strategy (2 days)

O NSO E W

Expected outcome: The first expected outcome is the creation of the RL framework
for the guidance system. Moreover, the chosen neural network architectures are imple-
mented. Furthermore, it is expected to develop different variants of reward function for
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RL training and choose the best one. After that, a preliminary version of the RL policy
for the guidance system is expected to be generated. Finally, the last outcome is the
writing of the RL based guidance system development in the relative chapter.

D Analysis (week 17-22)

Objective(s): The objective is to perform a refinement of the guidance system, analyz-
ing different hyperparameters that could improve the performances, such as weights in
reward function, and neural network-specific internal parameters. Initially, the reward
function is tuned and tested, to quickly iterate it, to find a decent formulation. Then,
the hyperparameters are tuned and the performances are compared and evaluated. Then,
complete training is performed on the final setup of the reward function and hyperparam-
eters for both LSTM and Transformer architectures. Finally, additional perturbances are
added, such as control and navigation errors, to test the robustness of the policy.
Required inputs to start: RL framework and preliminary guidance algorithm.
Tasks:

1. Tune reward function weights (3 days)

2. Report about findings on different versions of the reward function (3 days)

3. Sensitivity neural networks hyperparameters (4 days)

4. Report on tuning results (3 days)

5. Train agent using the final setup in an uncertain environment (4 days)

6. Train agent including navigation and control errors (4 days)

7. Develop Monte Carlo setup (2 days)

8. Evaluate performance in nominal scenario (1 day)

9. Report on performances (2 days)

10. Buffer for delays due to long training (5 days)
Expected outcome: The expected outcome of this work package is the optimal tuned
parameters of the RL algorithms. Therefore, it is expected to train the neural networks
to find the final policy to be used as guidance system. Finally, it is expected to complete
the writing of the guidance system chapter, adding the results and conclusions obtained
in this work package.
E Comparison (week 23-26)

Objective(s): Monte Carlo campaigns are run for the final policies for both Transform-
ers and LSTM. Their results are compared with Monte Carlo closed-loop simulations
where an optimal trajectory is tracked by an LQR controller generated with direct opti-
mization methods.

Required inputs to start: Final guidance policy and benchmark framework.

Tasks:

Run Monte Carlo campaign for Transformer-based architecture (3 days)
Postprocess and generate plots (2 days)

Report results (2 days)

Run Monte Carlo campaign for LSTM-based architecture (3 days)
Postprocess and generate plots (2 days)

Report results (2 days)

Design LQR controller (2 days)

Tune LQR controller (2 days)

Run Monte Carlo of conventional closed-loop Guidance and Control trajectories (2
days)

10. Generate plots (1 day)

11. Report comparison and conclusions (2 days)

©0NS oA WN =
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Expected outcome: The expected outcome of this work package is to compare the
quality of the guidance systems in an uncertain environment, using the optimal policies
obtained with the two different RL methods. Moreover, it is expected to reflect on
the results between different architectures to understand the strengths, weaknesses, and
possible improvements of each method. Finally, it is expected to compare the RL results
with the Monte Campaign using conventional Guidance and Control, where a nominal
trajectory is tracked by an LQR controller, to understand if a RL-based guidance system
can reach the same performances.

F Finalization (week 27-32)
Objective(s): The main objective is the finalization of the report takes place, with the
generation of the final plots and the writing of the last pieces of the work. A complete
review of the document must take place, before the Green Light meeting. Afterward, the
thesis will be submitted and the final 4 weeks of downtime between hand-in and defense
will be used to iterate on the report, prepare the final presentation, and be ready for the
discussion of the project.
Required inputs to start: Completed code and advanced thesis draft.
Tasks:

Generate additional plots (2 days)
Finalize writing report (3 days)
Complete review of the report (3 days)
Proofread (1 day)

Prepare for Green Light meeting (2 days)
Prepare final presentation

Prepare defense

N O W =

Expected outcome: The main expected outcome is the finalization of the thesis report, with
a complete review and proofreading. Furthermore, the deliverables for the Green Light meeting
are prepared. The last expected outcome of this work package is the preparation of the final
presentation and defense.

During the thesis project, programming will be a core part of it, and different program-
ming languages will be used for different purposes. For example, the direct optimization tool
(ICLOCS) has a MATLAB implementation. Hence, in the benchmark generation, MATLAB
will be used. On the other hand, a lot of standardized RL libraries are present in Python.
Therefore, for the RL-based guidance Python will be the designated programming language,
where libraries such as RLLIb, from Ray’s Project, or Stable Baseline 3, which is a DLR-
developed library. Both include a set of reliable implementations of RL algorithms in PyTorch
and TensorFlow. Postprocessing of the data and plotting will be mainly done in MATLAB.

A Gantt chart, outlining the tasks coming out of the Work Packages division, is attached
to plan the 32 weeks of the thesis.

A.2. Final reflection
After the conclusion of the thesis, it is interesting to reflect on the initial proposal and research
plan. As a general comment, the Gantt Chart provided a fairly accurate estimate for most work
packages, particularly in the first half of the project. The planning was respected, especially
for the first half up to the midterm review. The hand-in of the thesis draft happened about
three weeks later than the expected date, mainly due to holidays, not accounted for in the
initial planning.

The flight simulator development and verification, and optimal control setup were com-
pleted within the planned timeframe, but tuning the optimal solution took longer than ex-
pected, with several optimizations running for many hours. However, this delay was mitigated
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by running it in parallel with the "Guidance” work package, ensuring no impact on overall
planning. While setting up the meta-RL framework and the Transformer and LSTM-based
neural network in Python, the nominal trajectory was optimized in MATLAB.

The setup, understanding, and choice of the meta-RL and NNs libraries took more than
expected, while the coding part to interface them with the flight simulator was shorter than
planned, balancing the timeline.

The reward function tuning took two weeks more than expected, involving many iterations.
Many trial-and-error trainings were run, each for a couple of days to infer relevant trends and
behaviors. However, the downtime during training was effectively utilized to create a script
for running the RL framework on the DelftBlue supercomputer, allowing for parallel training
sessions. Including a buffer in the planning to account for potentially long training sessions
turned out to be very helpful in avoiding delays.

Running on the DelftBlue supercomputer significantly optimized the time for the ”Anal-
ysis” and "Comparison” work packages, allowing parallel training sessions and more detailed
problem analysis than initially planned. This enabled testing of seven different Transformer-
based neural network hyperparameter combinations and multiple LSTM trainings for com-
parison. The parallelization given by the DelftBlue supercomputer also allowed more training
sessions of new neural networks, exploring and assessing different features of the problem, such
as the robustness to control and navigation errors, the sensitivity to the removal of network’s
inputs (mass, actions, and reward), and the introduction of the rate constraint on the thrust
magnitude. During the "Comparison” package, while the training sessions were running, some
time was allocated to the implementation of a terminal patch to improve the vertical velocity,
and to the development of an efficient Monte Carlo setup. Therefore, the time gained thanks
to these improvements was spent carefully designing and tuning the LQR controllers. Working
in parallel to the NN optimizations, two controller architectures were created for the conven-
tional guidance and control strategy used for comparison. Even if the tuning took longer than
expected, the ability to work in parallel on RL and conventional strategies prevented any delay.

Therefore, the bulk of the work was completed with a delay of only one week. However, it
prevented the draft completion before to summer holidays, delaying it to the end of August.

In conclusion, dividing the work into distinct work packages and tasks proved essential
for continuously reassessing priorities and meeting the thesis objectives. The Gantt chart
was invaluable for tracking progress and organizing weekly plans. Although new challenges
emerged in the second half of the project, efficient solutions helped optimize the time available.
The initial time estimates, while useful for setting expectations, were less accurate as the
project progressed and tasks became more complex. Parallelizing tasks and regularly adjusting
timelines were the key factors to maintain efficiency and mitigate delays.
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Reference frames, frame
transformations, and state
conversions

B.1. Reference frames

Earth centered rotating reference frame R

Another reference frame fixed to the central body, on Earth, is the Earth Centered Earth Fixed
(ECEF) reference frame. It has its origin on the center of mass of the Earth, its Zx axis points
towards the north pole and X — Y plane lies on the terrestrial equatorial plane. Xz points
to the Greenwich Meridian, which is the prime meridian, and X% completes the right-handed
system. This reference frame rotates with Earth, around its rotation axis at rotation rate
wpg = 7.292115 x 10~ %rad s~ ! (Petit and Luzum, 2010). Formally, the transformation between
ECI and ECEF is not composed only by the rotation about the Earth rotation axis, but it
should also account for the relative motion of the Zx axis with respect to the Z7 axis due to
precession and nutation effects. However, given the short simulation time, these two effects
are neglected and Zx coincides with Z7.

Body reference frame B

The body reference frame is fixed to the vehicle, more specifically it has its origin on the CoM
of the vehicle, the Xp axis lies along the vehicle’s longitudinal axis and it is positive in the
forward direction and the Zg axis is defined to be positive downwards (Mooij, 1994). Therefore,
the Yp axis completes the right-handed set. Following this definition, the roll, pitch, and yaw
angles, are defined as the relative orientation of the body frame with respect to the landing
site UEN frame.

Propulsion reference frame P

Since the engine includes TVC actuators to modify the thrust direction to adjust the motion,
an auxiliary reference frame is defined. It is centered on the CoM of the vehicle, its Xp axis
is collinear with the resulting thrust force and positive in the direction of this force. The
orientation of the propulsion frame with respect to the body frame is given by the deflection of
the TVC actuators as ep and 1, representing their deflection around the Yp (elevation angle
of the thrust force) and Zp axes (azimuth angle of the thrust force), respectively, as mentioned
in Simplicio et al. (2020) and Mooij (2019).

Vertical reference frame V
In the vertical reference frame, the origin is in the vehicle’s CoM, and its Zy axis points
downwards to the CoM of the central body, along the radial component of the gravitational
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acceleration. The Xy axis lies in a meridian plane, it’s perpendicular to Zy, and points to the
northern hemisphere, while Yy, completes the right-handed set. The Xy, — Yy, plane is exactly
the local horizontal plane. The local horizontal plane of the landing site is approximately
coincident with the instantaneous local horizontal plane of the vehicle, given the tiny effect of
the Earth curvature in the very small distances considered in the problem.

Aerodynamic reference frame A

An aerodynamic reference frame is convenient to describe the aerodynamic coefficients and
forces. This reference frame is centered in the CoM of the vehicle and has the X 4, axis
directed along the airspeed velocity vector V4 (with respect to the atmosphere considering
wind velocity vector), the Z 4, axis directed along the lift force (but in opposite direction) and
the Y4, completes the right-handed set. The relative orientation of this frame with respect to
the body frame can be represented through the two aerodynamic angles: the angle of attack ()
and the angle of sideslip (3). If the vehicle is not banking, this reference frame coincides with
the trajectory reference frame, otherwise the bank angle is identified as the relative orientation
angle between the two.

The same reference frame could be also defined based on the groundspeed, which is the
velocity vector relative to the rotating planet reference frame. Since the equations of motion
are integrated with respect to a planetocentric reference frame, the velocity given out of them is
representative of the groundspeed, because it is indeed the velocity of the vehicle with respect
to a fixed point on the surface of the Earth.

The airspeed velocity vector is composed by the groundspeed vg and the wind velocity
V vectors:

VA =Va— Vu (B.1)

The two aerodynamic angles (angle of attack and the sideslip angle) are computed using the
airspeed velocity vector, expressed in body frame.

Vi [ VA,
o = arctang | —’ B = arcsin 5 (B.2)
Vi [Ivall

Using arctang, « is bounded between (4, —7], while 8 between (—7/2, +7/2) with 0 included.
A positive angle of attack is defined for a "nose-up” attitude, positive sideslip for a "nose-left”
attitude.

Pitch fins reference frame 7.,

One of the two sets of aerodynamic surfaces is dedicated to the control of the pitch rotation.
In order to compute the fins’ aerodynamic forces, a reference frame fixed on this set of fins is
defined. The X r piscp, axis is aligned with the mean chord of the fin, with a positive direction
toward the tip of the rocket. The Zr ., axis is aligned with the pitch axis of the vehicle, but
in the opposite direction (i.e. Yg) and Yz pitcr, completes the right-handed set. This reference
frame, with respect to the body one, is rotated by 90 degrees positively around the vehicle
longitudinal axis (Xz) and then by the fins deflection angle By pitcn around Zr pipen. The fins
only have a single degree of freedom: rotation around the Zz ;. axis. Both fins from this
pair share this body-fixed reference frame, as shown in Fig. B.1.

Yaw fins reference frame 7,

The other set of fins is dedicated to the control of the yaw moments and they are aligned with
the yaw axis. This reference frame has X 4, axis is aligned with the mean chord of the fin,
with a positive direction toward the tip of the rocket and the Zr y4., axis coincident with the
Zp axis. Therefore, this frame is rotated by the fins deflection angle By, yaw With respect to
the Zr yq axis in the body frame. The fins only have a single degree of freedom: rotation
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Figure B.1: Fins pitch and yaw reference frame.

around the Yz 4, axis. Both fins from this pair share this body-fixed reference frame, as
shown in Fig. B.1.

It is reminded that, in this document, the notation B, pitch; % = 1,2 is used to represent
the deflection angles of the fins on the pitch plane and By yaw,; % = 3,4 those on the yaw
plane.

B.2. Frame Transformations

This section gives an overview of the theoretical ground to operate frame transformations,
with a focus on the most common transformation used in this work, concerning the powered
descent problem. It is useful to express certain vectors in some specific reference frame. This
leads to the use of many vectors in different reference frames, which eventually have to be
referred to a single common one. Therefore, translations and rotations are used to transform
a vector from a reference frame to another, as shown in Eq. (B.3). The vector is originally
in a generic frame A (v4), and it is rotated and translated to express it in the generic frame
B (vp). The translation is represented by the vector T, which is the difference component by
component between the origins of the two reference frames in the 3D space. The term Cp 4
is a transformation matrix to rotate from frame A to frame B.

vp :T+CB7AVA (B.3)

Different methods can be used to transform between right-handed reference frames: Direction
Cosine Matrix (DCM), unit-axis rotations, and quaternions.

In three-dimensional space, a DCM is a rotation matrix to transform from one reference
frame to another. Indicated as Cp 4 it is a 3x3 orthogonal matrix from frame A to B, where
the entries are the angles between the unit vectors of the two frames considered:

b,
CB,A = b2 . [a1 ao ag] (B4)
b

However, the parameters needed in the DCM are 9, which means that there are 6 pa-
rameters redundant with respect to the minimum parameters (3) needed to represent a three-
dimensional attitude, posing a possible computational burden. Therefore, the calculation of
the DCMs, using the basis vector of frames A and B is discarded in this thesis.

What is employed in this work are Euler angles, because they have the minimum parame-
ters needed to represent a 3D rotation, they are intuitive to understand and they are usually
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available in the dynamics. Euler angles are used to form rotation matrices, employing sequen-
tial rotations of unit axis rotation, as explained in Appendix B.2. This approach is used for
all frame transformations. The choice of using rotation matrices composed of Euler angles
has the double advantage of using the minimum number of parameters and employing the
available data. Moreover, having physically concrete numbers gives an easy way to verify the
correct implementation, by applying the transformations and checking that the result is the
one expected according to physical reasoning.

Unit axis rotation

Unit axis rotations are positive rotations according to the right-hand rule, based on the axis
of the reference frame. A rotation by an arbitrary angle a around the x-, y-, or z-axis is
represented as:

[1 0 0

C.(a)=1]0 cosa sina (B.5)
|0 —sina cosa |
[cosa 0 —sina|

Cya)=| 0 1 0 (B.6)

sina 0 cosa

cosae  sina 0]
C.(a) = | —sina cosa 0 (B.7)
0 0 1

Any rotation between two frames can be expressed as a sequential combination of the three
aforementioned rotations. Since they are all orthonormal matrices, also the product of them is
an orthonormal matrix. Therefore, the inverse of this matrix is simply the transpose, avoiding
any singularity.

cch=cfc=1 or Cc'=CT (B.8)

An example is given by taking three successive arbitrary rotations (a positive a; around the
x-axis, a negative ap around the y-axis, and a positive ag around the z-axis), using a 3-2-1
formulation, to transform from frame A to frame B:

Cp,a=CparCaraCua g = Cyla)Cy(—a2)C.(3) (B.9)

The first rotation (ag) is applied to the z-axis of frame B, while the second and third rotations
(-ag and «y) are applied to y- and x-axis of the intermediate frames A’ and A”, respectively.
The inverse of such a transformation is obtained by inverting the order of multiplications and
the sign of the rotations:

Cap = C.(—a3)Cy(a2)Cyp(—a1) (B.10)

The rotation matrices can be multiplied, to compose multiple rotations between reference
frames, for example going from frame A to B, can be decomposed using an intermediary frame
I:

Cpa=CpiCra (B.11)

Euler angles roll (¢), pitch (), and yaw (1) are also defined as a set of 3 sequential rotations
about the 3 axis. In addition to that, it has to be remarked that it is important the order
of the product between the two matrices because different orders yield different results. A
formulation 3-2-1 is used in this work to perform a rotation from reference frame A to B.
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To conclude, there is a relationship between the DCM and the Euler angles, so that if one
is known, the other could be derived. For example, using the 3-2-1 rotation sequence as in
Equation (B.9), the DCM results in:

cos 6 cos cos 0 sin v —sind
Cp,a = |singsinfcosy —cospsiny cos@cost) + sin@sinfsinty cosbsin ¢ (B.12)
sin ¢ siny + cos g cosysinf cos¢sinfsiny — cosysing cos ¢ cos b

Conversely, if the DCM is known, the Euler angles can be calculated as:

¢ = arctan 2(Cag, Cs3)
0 = — arcsin(C13) (B.13)
1 = arctan 2(C12,C11)

Frame transformation for landing applications
In Tab. B.1, transformations between reference frames relevant to the landing problem treated
in this work are shown as the product of unit-axis rotations, with an explanation of the corre-
sponding angles involved.

It should be remarked that the inverse transformation (arrow from right frame to left one)
is just the transpose of the corresponding matrix, as shown in Eq. (B.10).

Any other transformation between two of the defined reference frames can be done by
combining rotations, using intermediate reference frames, as shown in Eq. (B.11).

Table B.1: Reference frame transformations. All adopted from Mooij (1994), except fins transformations.

Frames Transformation Variables
Symbol \ Unit \ Description
rad :
B _ WE S | Earth rotation rate
R—1 Czr = Cs(-wrt) t s | Time from epoch 0
(where R =T7)
B x T rad | Geocentric longitude
VoR Cry = Cs(=7)Ca(3 +9) 1) rad | Geocentric latitude
_ _ B (or | rad | Angle of sideslip based
E—A4 Cap = Cs(B)Cs(—0) Ba) on groundspeed (or
airspeed)
ag (or | rad | Angle of attack based
aq) on groundspeed (or
airspeed)
_ €T rad | Elevation angle of
pP—B Cs.p = C3(=97)Cs(—er) thrust force
Y rad | Azimuth angle of
thrust force
B T rad | Geocentric longitude
UEN =R Crupn = Cs(=7)C2(9) 5 rad | Geocentric latitude
P rad | Yaw angle
B—-UEN CUEN,B = Cg(—w)CQ(—Q)Cl(—¢) 0 rad Pitch angle
10) rad | Roll angle
Fpiteh — B Cvipitch = Cl(_g)CS(_IBfins,pitch) ﬁfins,pitch rad | Fin deflection for pitch
control
Fyaw — B CB.Fyaw = C3(—Binsyaw) Bfinspiteh | Tad | Fin deflection for yaw
control
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B.3. State conversion

The representations used in EOMs are the Cartesian for translational motion and quaternions
for attitude. However, some data may not be already in this preferred form or may be trans-
formed into another representation to enable a better visualization (such as quaternions to
Euler angles). Therefore, a brief explanation how to convert from one state representation
to the other is shown in the following paragraphs. Only the rotational state conversion is
shown, since for the translational motion only a single representation is used. For a complete
derivation, the reader may refer to Mooij (1994).

Quaternions-Euler angles conversion
Using the quaternion representation with the 4th element as scalar, and a 3-2-1 sequence
rotation, Euler angles are computed from quaternions as:

¢ arctany [2 (q1q1 + q2q3) . 1 — 2 (¢} + ¢3) |
0= | -5 +2arctany [\/1 +2(qag2 — q143), /1 — 2 (qage — Q1Q3)] (B.14)
(0 arctans [2 (qaqs — q192) ,1 — 2 (43 + 43) |

Viceversa, if the 3 Euler angles are known, the quaternions are computed as:

0 0 sin(9)
0 sin(9) 0
1= | sin(®) 0 0o |-
cos(%) cos(9) COS(%)
B.
sin(%)cos(g) cos(%) - cos(%)sin(g)sin(%) (B.15)
_ cos(%) sin(9) cos(%) + sin(%) cos(9) sin(%)
cos(%) cos(g) sin(%) - sin(%) sin(g) cos(%)
cos(%) cos(%) cos(%) - sin(%) sin(%) sin(%)



Verification tests

C.1. Aerodynamics Model test cases
C.1.1. Body Vehicle

The aerodynamic coefficients are stored in lookup tables, generated with empirical formulations,
for the wind axes (Cp, CL), as well as already for the body axes (Cy4, Cx), parameterized only
with respect to the angle of attack and the Mach number. Given the axisymmetry of the vehicle,
the bi-dimensional dataset can transformed into a three-dimensional representation, because
the normal coefficient profile is the same for both the Yg-axis as well as for the Zg-axis, even
if with respect to two different angles (5 and « respectively).

Similar to what is done by Sagliano et al. (2022), the axial coefficient is evaluated using
the total angle of attack (a7) and the Mach number (M).

CApody = Capody (T, M) (C.1)

The total angle of attack is calculated as:
ar = arccos(cos(a)cos(f)) (C.2)

Moreover, since the aerodynamic coefficients C'4 and Cy are provided in a body reference frame
with axes with opposite directions (i.e. X-axis pointing toward the engine of the rocket and
Z-axis pointing up) to the one defined in this thesis, a minus sign has to be used to compute
Cx (and similarly later for Cy and Cy).

Cx pody = —Capody (C.3)

Similarly, coefficients along the body Y- and Zg-axes are computed, calling twice the same
Cy lookup table, once using angle of attack a and once auxiliary sideslip angle 8*, exploiting
the rocket’s axisymmetry.

Cy pody = —CN,pody (8", M) and C7Zbody = —CNpody(a, M) (C.4)

Consequently, using Cx pody, Cy,pody and Cz pody, the aerodynamic forces can be computed
directly in body frame, as shown in Equation (3.9).

Similarly to the coefficients on Y- and Zp-axes, the center of pressure is computed, calling
twice its lookup, once using the angle of attack o and once the auxiliary sideslip angle 5*.

xcpa = [Xcop(a,M),0,0] and xcppr = [Xep(8*,M),0,0] (C.5)
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Figure C.1: Cx, Cy and xcp with respect to the base of the rocket.

In Fig. C.1, the profiles of C'x (with respect to «), Cy (with respect to £*), and X¢p (with
respect to «) are shown, as provided in the lookup tables. Cz (with respect to a) and X¢op
(with respect to 8*) are not reported here for the sake of conciseness, since their profile would
be exactly identical to those of Cy and X¢cp.

To verify the correctness of the implementation of the aerodynamic forces, the outcomes of
some test cases are compared to what would be expected with critical reasoning. For example,
using a=175 deg, f=10 deg, and a Mach number M = 0.5, it would be expected to have a
resultant aerodynamic force with a positive component on the body Xp-axis (rocket going down
bottom first), and negative components on Yp-axis and Zp-axis (due to 8 and «), with the Y-
component larger in magnitude with respect to the Z- one, due to the larger aerodynamic angle.
Interpolating the coefficients (with a=175 deg and *=170 deg), using a dynamic pressure of
q=5.66 kPa, and a reference area S,.r=1.767 m?, the forces calculated by the simulator, using
Eq. (3.9), are equal to:

Cx 8200.4
F5, o body = @Sres | Oy | = | —3999.6 |N (C.6)
Oy —1859.9

The results are coherent with the already mentioned expected signs and relative magnitudes.
Even if only one example is provided here, this critical reasoning process has been applied
to many different test cases, verifying the correct implementation of the aerodynamics of the
body vehicle.

Similarly, the correct position of the center of pressure is verified. If the f=10 deg was
used, and the tables interpolated, the center of pressure would be more than 5 meters from the
bottom of the rocket (Fig C.1), being behind the center of mass, with respect to the airflow.
Hence, the vehicle would seem stable with respect to 5. This is clearly wrong since it is known
that the rocket body alone is unstable during the descent phase. Moreover, the rocket would
be at the same time unstable with respect to a because close to 180 deg the center of pressure
is close to the base of the vehicle, as shown in Fig. C.1. This conflict is also clearly wrong.
Conversely, using the auxiliary sideslip angle 8*=170 deg, the vehicle is unstable with respect
to both aerodynamic angles, with similar values for the center of pressure, as it should be.
Therefore, it is confirmed that the use of the auxiliary angle is needed to correctly interpolate
the lookup tables for the rocket descent.
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C.1.2. Fins
The fins coefficients follow an analytical formulation, therefore the verification is straightfor-
ward. What has to be verified is that the transformation from the fin frame to the vehicle
body frame is correct and it is done by testing some cases for which the result can be analyzed
also visually.

For example, using a positive deflection of By, ;= 5 deg for each of the 4 fins, and aero-
dynamic angles of =175 deg and 8=10 deg, all four local fins’ angles of attack are negative.
Therefore, all 4 fins are expected to generate a positive force on the body Xp-axis. Moreover,
looking at Fig. B.1 and Fig. C.2, the set of fins for yaw control (i = 3,4) is expected to
generate a negative force on the body Yp-axis, while the pitch pair (i = 1,2) a negative force
on the body Zg-axis. It is also expected that the forces generated by the fin on the yaw axis
are larger due to the larger local angle of attack.

The local angles of attack for the four fins respectively:

a; =—170 deg, (i=1,2) and a; = —165 deg, (i =3,4) (C.7)
Therefore, using a maximum fins coefficient C tin = 2, the normal coefficients are:
Ctini = —0.347, (i=1,2) and Cfin,i = —0.517, (i =3,4) (C.8)

Using a dynamic pressure ¢g=5.66 kPa and a fin reference surface S,y ri,=0.54 m?, the
fins produce, for each fin reference frame, the normal forces shown in Eq. (C.9):

Fn,p: = —10621 N, (i =1,2) and Fn,,. =—15830 N, (i=3,4) (C.9)

Therefore, by rotating these forces from the corresponding fin frame to the body frame, it
yields:

92.6 138.0
FZ. = 0 N, (i=1,2) and FZ..=|-1577.0 | N, (i=3,4)
~1058.0 0

(C.10)

These results match the expectation of the direction and relative magnitude of the forces
generated by the fins.

Further verification is done to check whether the moments are calculated correctly. The
centers of pressure of the fins are assumed to be fixed and to lie at their attachment point
with the body of the vehicle. As shown in Fig. 2.2 and Fig. B.1, the attachment points are
symmetrically positioned on the outer radius of the rocket (r = 0.75 m), and their x-coordinate

(h = 11.1 m) is located at the same position on the longitudinal axis of the rocket.
xcp,fin1 = (h,7,0) and xcp,fin2 = (h, —1,0) (.11)
xcp,fing = (h,0,7) and xXcp,fina = (h,0,—r) .

Assuming that they all lie more toward the tip of the rocket with respect to the center of mass
(for this example h — Xcopr=6.5 m) and using the forces previously calculated, the moments
around each axis can be easily calculated and compared to those given as output from the
simulator.

The output from the simulator yields the results presented in Eq. (C.12), which are
identical to the analytical results.

Maero, fin1 = (—793.5,6878.2.5, —69.4
Macro, fine = (793.5, 6878.2.5,69.4
Moero, fin3 = (118.3,10.3, —1025.9

Mcro, fina = (—118.3,-10.3, —1025.9

Nm
Nm
Nm
Nm

(C.12)

— — ~— ~—



152 Appendix C. Verification tests

X F yaip

Qlocal = 165:)

Figure C.2: Auxiliary f* example.

Finally, summing these components yields:
Mero, fins = (0,9958.62, —2257.41) Nm (C.13)

Therefore, compared with the analytical solution, it shows the same results, verifying its
implementation. For example, it is correct that the roll moment is zero, since the deflections
are the same for each pair, giving symmetrical moments on that axis. Moreover, each fin
controlling the pitch axis generates a yaw moment, because the force along the Xp-axis is
perpendicular to the arm between the fin attachment point and the Zp-axis. However, given
the same fin deflection, the moments have opposite signs, correctly resulting in a null moment.
Similarly happens for the yaw fins.

It is here reported an additional example confirming the correct use of the auxiliary sideslip
angle. It is assumed to be in a scenario where the vehicle is flying with an airspeed velocity in
body frame of fo1 = (0,10, —104/3). Tt means that the angle of attack and sideslip angles are
a = 180 deg and S = 30 deg, respectively. Furthermore, it is assumed that each fin of the yaw
set has a deflection of Bfin yew = —45 deg. A schematic of this situation is shown in Fig .C.2.
Using the sideslip angle it would yield a local angle of attack o ;, = —75 deg, which, using Eq.
(3.12) and Eq. (3.14) would give a negative coefficient (sin —75 < 0) and a negative force on
the fin Yz yq-axis. Using the auxiliary sideslip angle 3* = 150 deg, the local angle of attack
becomes a i, = —195 deg = 165 deg, which yields a positive coefficient (sin 165 > 0) and force
on the fin Yz ,4-axis. Looking at the schematic in Fig. C.2 and understanding the physics at
stake, it is clear that the second solution is the correct one. Moreover, this schematic shows
that for positive velocity on Xp-axis, during descent, the auxiliary sideslip angle is positive,
yielding a negative force, as pointed out in Fig. C.1 and in the example shown in Section C.1.1.

C.2. Propulsion Model test case
The main concern with the propulsion force is assessing that its rotation from the propulsion
frame to the body frame is done correctly, according to the TVC angles. Therefore, the
verification of this rotation is done for cases where the visualization of the thrust direction is
straightforward.

For a positive rotation of the engine around both Yz- and Zg-axes of the body frame, it is
expected to generate a positive force on the Xp- and Yp-axes and a negative one on the body
Zp-axis. For example, by using a thrust magnitude of 50 kN and positive deflection of e =5
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deg and 97 =5 deg, the resulting calculated forces in body frame are:

49.62
F5 = 434 | N (C.14)
—4.36

It is assumed that the point of application of such forces is the gimbal point, which is
the point of attachment between the stage and the engine, around which the engine rotates.
Assuming that it is located on the longitudinal Xz axis, at a lower position with respect to
the center of mass of the vehicle, the resulting moment can be calculated analytically.

AxoF, — Ax3F), 0
MA = [ AzsF, — Ax F, | = | —18.74 | Nm (C.15)
Ax1Fy — AxoFy —18.67

AX = Xgimpbal — XcG = (Ax1, Axg, Az3) is the distance between the gimbal point and the
center of mass, expressed in body reference frame.

Using the aforementioned resulting forces and a difference between gimbal point and center
of mass position of Ax =(-4.3,0,0) m, a null roll moment around the Xpg-axis, a negative
yaw moment around the Zp-axis and a negative pitch moment around the Yp-axis shall be
generated. The output of the simulator (Eq. (C.15)) shows the same results as using the
analytical formulation, in accordance with the physical reasoning.
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Extended initial conditions

Table D.1 provides the extended initial conditions, where the policy including thrust rate
constraint is tested on larger initial conditions compared to the ones where it is trained. On
average, the distance from the nominal value is doubled with respect to the training set. Figures
D.1 illustrate the terminal results, in terms of final position, velocity, vertical angle, and
angular rates. Most of the trajectories (947/1000) meet the terminal constraints, except for
the vertical velocity. However, there are some outliers, which are caused by a combination
of initial conditions that are too different compared to the training data. In any case, it is
remarkable that only 50 simulations completely fail. Since all the initial conditions are sampled
from uniform distribution, and given the doubled range, on average 50% of the simulations
have at least one initial variable outside of the training range. It means that the agent, even
if it does not know how to behave in the few initial steps, taking random actions, effectively
recovers once it gets back inside the known state space.
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Figure D.1: Plots extended initial conditions using the policy that includes thrust rate.
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Table D.1: Extended initial conditions in UEN landing site reference frame.

Description Symbol | Unit | Nominal Original Extended
Dispersion | Dispersion
Elevation position xo m 2000 [1900,2100] | [1800, 2200]
East position Yo m 50 [180,220] [150,250]
North position 20 m -50 [-220,-180] [-250, -150]
Vertical velocity Vg = -100 [-110,-90] [-130, -90]
Horizontal velocity (East) Uy, = -25 [-30,-20] [-40,-10]
Horizontal velocity (North) Vs = 25 [20,30] [10, 40]
Roll o deg 0 [-5,5] -10,10]
Pitch 0o deg 20 [15,25] [10,30]
Yaw %o deg 20 [15,25] [10,30]
Roll rate We 0 deg 0 [0,0] [0,0]
Pitch rate Wy.0 deg -5 [-7.5,-2.5] [-10, 0]
Yaw rate W20 deg -5 [-7.5,-2.5] [-10, 0]
Mass mo kg 4000 | [3900, 4100] | [3900, 4100]
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