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Abstract

In this work Genetic Programming (GP) is used to obtain an alternative guidance law for online trajectory adaptation of
the Reusability Flight Experiment (ReFEx) reentry vehicle. GP is an Evolutionary Algorithm (EA) capable of producing
interpretable mathematical models that satisfies user defined objectives and constraints. It can be applied in a guidance
setting, through direct interaction with the environment, learning to evolve a the guidance law to steer the vehicle towards the
successful satisfaction of the mission. To the best of the authors’ knowledge, the application of GP to a flight-ready vehicle
represents a first in this domain and can help in increasing the TRL of this technique for Guidance and Control (G&C)
applications. Furthermore, it produces interpretable models, in contrast to other Machine Learning (ML) approaches, and
it can be applied to nonlinear models, in contrast with traditional methods.

In this study, GP is applied offline to design an feedback guidance law to guide the ReFEx vehicle towards a desired
final position in the presence of uncertainties in the physical models, navigation and control signals. The performance of
the GP-based guidance law is compared against the current design, which defines the trajectory correction as an optimal
control problem and reduces it to a nonlinear unconstrained optimization problem, which is then solved using a successive
linearization strategy. The performance comparison between the two methods utilizes high fidelity 6-DoF Monte Carlo
simulations. Capabilities, advantages and disadvantages of both methods are discussed and conclusions on the viability of
the investigated GP approach are drawn.
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Acronyms/Abbreviations PDF Probability Density Function

CDR Critical Design Review

DLR Deutsches Zentrum fiir Luft- und Raumfahrt RCS Reaction Control System

EA Evolutionary Algorithm . . .
ReFEx Reusability Flight Experiment

ECEF Earth Centered Earth Fixed

ECI Earth Centered Inertial RL Reinforcement Learning

EI Entry Interface

EoE End of Experiment RLV Reusable Launch Vehicle

G&C Guidance and Control
GNC Guidance, Navigation, and Control

1. Introduction

Thanks to the successes of companies like Space X
GP Genetic Programming and to advantages such as reduced cost and environmen-
tal impact, the aerospace industry is moving towards a

IGP Inclusive Genetic Programming

greater usage of Reusable Launch Vehicles (RLVs). This
MC Monte Carlo paradigm shift currently involve only classical launch ve-
ML Machine Learning hicles, such as rockets. However, several companies and
NN Neural Network research institutes are developing RLVs with spaceplanes
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configurations®2, i.e. with lifting aerodynamic surfaces,
since these vehicles can be fully reusable, possess greater
control capabilities and can perform a greater variety of
reentry trajectories than their rocket counterparts. One of
such vehicles is the Reusability Flight Experiment (ReFEx)
vehicle currently in development at the Deutsches Zentrum
fiir Luft- und Raumfahrt (DLR) Institute of Space Systems
in Bremen. ReFEx is part of the DLR effort to develop
future winged reusable launcher stages and vehicles with
reentry capabilities. The mission focuses on the reen-
try phase of a Vertical Takeoff and Horizontal Landing
(VTHL) vehicle. The vehicle relies on its aerodynamic
properties to reduce the kinetic energy during the reen-
try phase. One of the main objectives of the mission is
to demonstrate autonomous GNC capabilities for aerody-
namically controlled reentry vehicles [1]. The Critical De-
sign Review (CDR) of the project was conducted in 2021.
Within the mission, the current focus is now in V&V ac-
tivities. The flight is planned for 2025 from the Koonibba
Test Range in Australia.

Several approaches were developed to perform the reen-
try guidance of these vehicles. Traditional ones focuses
on finding offline the set of optimal guidance commands,
i.e. an optimal trajectory, using direct optimal control
techniques, and then tracking such trajectory during flight.
These techniques relies on high-fidelity models and com-
putationally expensive optimization approaches to find the
optimal set of guidance commands. However, the opti-
mization output is an open-loop guidance law and a robust
controller must be use to track the desired trajectory when
disturbances arise. An example of such approach can be
found in the work of Bollino et al. [2], where a direct
pseudospectral method is used to compute an optimal tra-
jectory offline, and a PI-controller designed using dynamic
inversion is used to track such a trajectory.

Other strategies focuses on recomputing the guidance
commands online to adapt to disturbances. When using
these approaches, the optimization problem is simplified
in order to be solved online during flight. An example
of such approach can be found in the work of Sagliano
et al. [3], where the authors formulate the guidance prob-
lem using a loss-less convexification approach to solve
the optimal control problem online and generate guidance
commands for a reentry vehicle. Their approach is tested
with a Monte Carlo (MC) analysis where dispersions on
the initial states are considered. Also the ReFEx vehicle
currently employs an approach belonging to this group of

Thttps://www.space.com/polaris-spaceplanes-mira-1lig
ht-flight-test-campaign-complete
2https://www.dawnaerospace.com/spacelaunch
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techniques, as described in [4,5]. This approach is based
on a two step algorithm: 1) trajectory planning, correcting
for the dispersion in position and velocity after separation
from the launcher, by generating once an updated trajectory
leading from the estimated state to the target [4], and 2)
trajectory tracking, correcting for the accumulating effect
of modeling uncertainties and control and navigation er-
rors, by periodically updating the trajectory so that it leads
from the most recent estimated state to the target [5]. In
both cases the algorithm consists in a simplification of the
optimal control problem. First of all, the control variables
are expressed as a function of a set of parameters. These
parameters, which definitions are critical as they define the
solution space, define both the short term behaviour and
the overall profile of the control variables. By combining
this parameterization with a function that propagates the
trajectory while accounting for constraints, the original op-
timal control problem can be transformed into a non-linear
unconstrained optimization problem.

A last group of techniques to generate robust guidance
commands focus on generating offline a feedback guid-
ance law, capable of adapting the desired trajectory on-
line, hence relieving the load on the control system. In
recent years, ML has been applied to design such guid-
ance laws. These approaches often involve Reinforcement
Learning (RL) such as in the works of Gaudet et al. [6-8].
In particular, in [8] they applied reinforcement meta learn-
ing to optimize the adaptive guidance system of an hyper-
sonic glider, to output the angle of attack and bank angle
rates according to the current flight conditions. Also more
traditional feedforward Neural Networks (NNs) have been
used for this purpose. An example can be found in [9],
where the authors created a real-time guidance system for
the landing phase of a reusable rocket by integrating two
NNs: one for classification and another for regression.
The classification network classifies the initial conditions
of landing flights into various groups, each linked to a
specific thrust profile. Following this, the regression net-
work provides the precise thrust values needed to ensure a
successful landing.

This work aims at further exploring the application of
another ML technique: Genetic Programming (GP). GP is
an EA that can be used to generate guidance laws in a sim-
ilar fashion to what is done with RL. Traditionally used
for regression tasks it can also be applied in a guidance
setting, where, through direct interaction with the envi-
ronment, it learns how to evolve a guidance law to steer
the vehicle towards the successful satisfaction of the mis-
sion in the presence of disturbances or uncertainties. The
use of a GP-based guidance algorithm can lead to greater
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robustness against uncertainties w.r.t traditional methods,
by exploiting the nonlinearities of the used models. In
fact, the application of GP does not require linearization,
and can easily include nonlinear constraints. Moreover, in
comparison to other ML approaches, GP is interpretable,
which makes it particularly interesting for G&C applica-
tions. Despite examples of GP applied to perform the
aforementioned task can be found in the literature, to the
best of the authors knowledge it was never tested on a flight-
ready vehicle. Although GP will not be the algorithm used
during the real mission, its application and testing on a re-
alistic model in the loop simulator represents an innovative
application to assess its feasibility for this type of vehicles
and missions and to increase its TRL. Regarding examples
of the GP application in a guidance context, in [10] GP
is used to design the feedback guidance law of a reentry
vehicle considering uncertainties. In this particular appli-
cations, only one set of uncertainties is considered during
the GP training, hence the produced guidance law is not
robust against unforeseen uncertainties. However, several
guidance laws are produced considering increasingly more
demanding uncertainties and GP proves capable of produc-
ing good performing guidance laws even when extremely
prohibitive uncertainties are considered. In contrast to the
previous application, where the GP evolutionary process is
performed offline, in [11] GP is used online during flight
effectively generating a new guidance law when neces-
sary. The GP objective is to produce a guidance law for a
Goddard rocket during its ascent phase, to cope with dis-
turbances injected in the vehicle and environment models.
This application shows the potential of GP for online usage,
i.e. in an intelligent control setting. However, to generate
the guidance laws online, the considered dynamical sys-
tem must possess a low degree of nonlinearity in order to
minimize the computational time required by the trajectory
propagation.

The approach presented in this manuscript employs the
same methodology described in [11],1.e. GPis used offline
to produce a static feedback guidance law but, in contrast
to the latter, considering multiple uncertainty configura-
tions during the evolutionary process, hence producing
a guidance law robust against unforeseen perturbations.
Moreover, the chosen test case is a vehicle currently un-
der development, whose 6DoF simulator is used to test the
obtained guidance laws considering all the effects that will
be present during the real flight, i.e. vehicle deformation,
wind variation, navigation errors, etc. To the best of the
authors’ knowledge, this work represent the first applica-
tion of GP to generate the guidance laws of a real vehicle
and its outcome sheds light on the applicability of this ap-
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proach for real missions, hence increasing the TRL of this
technique.

The reminder of this paper is structured as follows: Sec-
tion 2 provides a brief description of the ReFEx vehicle and
the performed trajectory. Section 3 describes the guidance
problem. Section 4 describes the GP algorithm and how
to employ it for the guidance law generation. Section 5
presents the obtained results. The work is concluded by
Section 6 that contains the drawn conclusions and future
work directions.

2. Reusability Flight Experiment (ReFEx) Reentry
Vehicle

ReFEx is a demonstrator mission that succeeds the DLR
SHEFEX (Sharp Edge Flight Experiment) II, which was
launched in 2012 [12]. ReFEx aims at performing an au-
tonomously controlled and guided flight, following a trajec-
tory representative for a winged RLV first stage. Therefore
the vehicle will transition from hypersonic speeds down to
a subsonic regime. This section introduces the vehicle and
the trajectory for the mission. A more complete overview
of the mission can be found in [13-15].

2.1 Trajectory

Figure 1 shows the sequence of events for the mission
with some preliminary details. Several phases can be iden-
tified from this figure: 1) launch phase, 2) experimental
phase until Entry Interface (EI), 3) experimental phase
between EI and End of Experiment (EoE), and 4) experi-
mental phase after EoE.

A

Launch Phase

Iridium

Experimental Phase
Apogee ~130 km

Separation from launcher /g—-ﬂ’\
~87 km ok

. Entry Interface
"‘60km

\ " >

<s=  Touch Down

Gmund Station Mobile Ground Station

~ 1.6 min ~ 10 min

Fig. 1: Mission architecture & flight events [13].

A Brazilian solid propellant two-stage rocket VSB-30
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will be used for the launch. This rocket is unguided and
only passively stabilized, leading to a considerable state
uncertainty at separation. During the launch phase most
of the re-entry segment is covered using a hammerhead
fairing to minimize its aerodynamic effect. After the two
stages are burned out, the rocket is spun down using a Yo-
Yo system and both fairing and rocket are separated. The
current launch site is the Koonibba test range in Australia
and the flight is planned for 2025. After separation and
until EI the atmosphere is not dense enough to meaning-
fully affect the motion of the vehicle, leading to a ballistic
trajectory. The aerodynamic actuators are also not effec-
tive and, thus, the Reaction Control System (RCS) is used.
The objectives of this phase are: 1) to detumble the vehicle
after separation, 2) to acquire the sun to enable a conver-
gence of the navigation solution, 3) to reach EI with the
desired attitude, and 4) to update the reference trajectory.

When El is reached the dynamic pressure is already high
enough to: 1) generate aerodynamic forces able to influ-
ence the trajectory and 2) control the attitude of the vehicle
using the aerodynamic actuators. During this phase the
objective is to use the aerodynamic forces to correct the
trajectory, compensating for the state dispersion at sepa-
ration, control and navigation errors and modelling uncer-
tainties. This correction of the trajectory in order to reach
the target with the required accuracy is the focus of the
algorithm presented in this paper. The target point to be
reached at EoE is defined in position and velocity. After
EoE the vehicle aims at dissipating as much energy as pos-
sible to minimize the ground impact and ensuring a ground
landing.

2.2 Vehicle

The re-entry segment of ReFEx has approx. 400 kg of
mass and a longitudinal length of 2.7 m. The wingspan is
1.1 m and the diagonal terms of the moment of inertia are
approx. 15 kg -m? for the longitudinal axis and 240 kg - m?
for the other two axes. A section view of the vehicle is
shown in Figure 2.

Several iterations on the shape of the vehicle have been
undertaken through the history of the mission in order to
fulfill aerodynamic requirements for the planned range of
velocities, i.e. from hypersonic to subsonic. The current
design consists of two fixed wings located at the back of the
vehicle, a fin with an attached vertical tail actuator (rudder)
and two canards positioned close to the nose of the vehicle.
As the translational motion is controlled by aerodynamic
forces, the actuators are used only for controlling the at-
titude of the vehicle. Two sets of actuators are used: 1)
RCS, with 8 thrusters located at the back of the vehicle,
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Fig. 2: Section view of the Re-Entry segment of ReFEx
[13].

and 2) aerodynamic actuators, with the canards and rudder
previously mentioned.

2.3 Equations of motion

The motion of the vehicle is formulated using the state
vector X = [r, ¢, A, vG, Y6, x| where r is the radial dis-
tance to Earth’s center, ¢ the latitude, A the longitude, vg
the norm of the velocity, ys the flight path angle and y¢
the heading angle. All variables are expressed with respect
to a geocentric reference model. The velocity variables
represent the velocity w.r.t. ground, i.e. Earth Centered
Earth Fixed (ECEF) reference frame.

The time derivatives of the position can be expressed as
in Equations 1

F =vgsinyg @)
_ VG COSYG COS XG
=
_ VG COSYG Sin xG
- 7 cos ¢

When obtaining the expressions for the time derivatives
of the velocity, it is important to keep in mind that ECEF
is a rotating reference frame w.r.t. Earth Centered Iner-
tial (ECI) reference frame. Therefore the apparent acceler-
ation of the vehicle contains external forces (F’), Coriolis
acceleration due to the motion of the vehicle in the rotating
frame and transport acceleration due to the angular rate of
the rotating frame [16]. The resulting equations are listed
in Equation 2.
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F,
VG = — + w?r cos ¢(sin yg cos ¢+ 2)
m

— €oS Y sin ¢ cos yg)
F VG

VG = 24 —cosyg + 2w cos ¢ sin yg+
m r

r . .
+ w2 — cos ¢ (cos ¢ cos Y — sinyg sin ¢ cos xg)
VG

. Fy vg .
XG = — + —cosyg tan ¢ sin yg+
m r
— 2w (tanyg cos ¢ cos yg — sin ¢) +
+ wQ; cos ¢ sin ¢ sin yG
VG COSYG

The two contributions to the external forces that are con-
sidered are the gravity and aerodynamic forces. The gravity
acceleration is obtained based in a model including the J2
term. The aerodynamic acceleration depends on: 1) the
aerodynamic properties of the vehicle, 2) the atmosphere
(i.e. temperature and density) and 3) the velocity w.r.t. the
local atmosphere, i.e. including the wind. The aerody-
namic properties of the vehicle were determined by the In-
stitute of Aerodynamics and Flow Technology, also part of
DLR, using Computational Fluid Dynamics simulations.
More information about the generation of this database
and its validation can be found in [17] and [18]. For the at-
mosphere, the NRLMSISE-00 Atmosphere Model is used.
The wind model is obtained based on HWM 14 (Horizontal
Wind Model 14). The evolution of the attitude and angu-
lar rate is modelled using a simplified model that imposes
a limitation on the angular acceleration and angular rate.
For more information on the used models and assumptions,
please refer to [5].

3. Problem description

The guidance algorithms are developed within the
Guidance, Navigation, and Control (GNC) subsystem.
This subsystem is responsible for maintaining stability and
steering the vehicle to achieve a target state with a cer-
tain accuracy [1]. This objective can be traced back to
GNC and mission requirements regarding the target ac-
curacy at EoE. The target is defined taking into account
other mission requirements such as reaching a subsonic
speed and ensuring a minimum heading change. This ac-
curacy requirement can be developed into two functional
requirements for the guidance algorithms:

¢ Plan the trajectory after separation. Due to the con-
siderable state uncertainty at separation, it may be
necessary to modify the trajectory severely [4].

TIAC-24,D2,5,8,x87239

Separation Target Tolerance

State State at Target

r 76995.14m  1513.25m + 1000 m
1) 133.44 deg  132.81deg +0.074 deg
A -31.13deg  -29.16deg  + 0.069 deg

vg 131593 m/s 190.55 m/s + 50 m/s

YG 43.15 deg / /

XG -1.48 deg 178.24 deg  + 20.05 deg

Table 1: Mission’s initial and final conditions (target)

* Regularly update the trajectory throughout the reentry.
The errors in navigation, control and modelling can
accumulate leading to a divergence from the planned
trajectory. Therefore, periodic limited corrections to
the trajectory are required [5].

This paper presents an alternative algorithms for per-
forming the latter. Regarding the first requirement, no
dispersion on the initial conditions is considered, hence
one successfully planned trajectory for the unperturbed
case is used as a reference. The uncertainty on the initial
conditions will be considered in a future work.

The vehicle’s state at separation from the launcher and
the desired target with relative tolerance are summarized
in Table 1.

3.1 Challenges

Among the main challenges when designing the guid-
ance strategy are: 1) the strong effect of control and naviga-
tion errors and model uncertainties on the trajectory, and 2)
particularities of the flight constraints which are described
in [5].

When planning the trajectory after separation, there are
several unknown uncertainties and errors that can affect
the flight, including:

* Model uncertainties. The trajectory is planned using
nominal values to model the environment and the ve-
hicle. These model parameters include a wide range
of parameters, such as the aerodynamics properties
of the vehicle, its mass properties, the velocity of
the wind or the atmospheric density. Each of these
variables is subject to uncertainties, which reduce the
representativity of the planning. Figure 3 shows the
profile of the wind velocity in North and West direc-
tions as function of altitude for 100 samples. Even
though at high altitudes the effect of the wind on the
trajectory of the vehicle is negligible, below 30 km
altitude it can have a considerable impact. This fig-
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ure also presents the dispersion of 100 samples of the
mass, which is modelled as normal distribution with
o equal to 0.33 kg.

Probability [%]
®

vy [mis] v‘ﬁam] 100 150 374 :745m[k397]5 3755
Fig. 3: Perturbed wind velocity profiles (left) and mass
(right).

* Navigation errors. For the planning of the trajectory
the navigation error is not known, leading to further
inaccuracies. Figure 4 shows the evolution of the nav-
igation error in angle of attack (a), angle of sideslip
(B) and bank angle (u) for a set of trajectories. During
the ascent phase the attitude error can become con-
siderably high, reaching up to 100 deg.) due to the
fast rotations. During the exoatmospheric phase, i.e.
until approx. 320 seconds, the error is reduced (to be-
low 10 deg) by the combined used of magnetometer
and sun sensor measurements. Once the vehicle reen-
ter the atmosphere, the error in each angle remains
around or below 0.5 degrees. This seemingly small
errors can have considerable effects in the motion of
the vehicle if sustained in time. Further description of
the evolution of the attitude error can be found at [19].

log (& o [])
log, (A 5[°])
log,o(A 1 [°])

1.5 1.5

2 2 2
0 200 400 600 800 0 200 400 600 800 0 200 400 600 800
tls] tfs] tls]

Fig. 4: Navigation error.

* Control errors. Even though the guidance ensures
that the trajectory is feasible from a control perspec-
tive (e.g. by imposing limits in the maximum an-
gular rates and angular accelerations), the existence
of control errors is unavoidable. Figure 5 shows the
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evolution of the control error for @, 8 and u during
the atmospheric phase for a set of trajectories. During
the initial reentry (between 280 and 320 seconds) the
error is considerably high, caused by fast improve-
ments in the navigation solution and limited control
authority due to the thin atmosphere. The bank an-
gle error shows several peaks above 1 degree at lower
layers of the atmosphere, which are caused by wide
rotation maneuvers around this axis. The control er-
rors have qualitatively similar effects on the accuracy
of the trajectory planning as the navigation errors.

log (A o )
log, (A 31)
=)

5
log.o(A 1 )
S
8

400 600 800 400 600 800 : 400 600 800
tls] tls] tls]

Fig. 5: Control error.

Due to the limitations described above, following the
control profile defined in the initial trajectory planning
would incur in a non-negligible error at EoE. Figure 6
shows the results of a MC campaign of 100 runs in which
the trajectory is not periodically updated. This means that
the controller aims at following the control profiles (in «
and p) that were defined in the initial trajectory planning.
In the figure the blue color identifies the runs that met the
requirements and the black color those that did not. The
first gray segment contains the ballistic trajectory, until
the dynamic pressure reaches 1000 Pa. The second gray
segment contains the trajectory after the End of Experi-
ment. In this campaign 26% of the cases failed to meet the
requirements.

The flight constraints that need to be enforced during
the mission can be divided in two main groups: 1) con-
straints to ensure the physical integrity of the vehicle and 2)
constraints to ensure the controllability of the vehicle [4].
The first group includes limitation in variables such as the
load, dynamic pressure, heat flux and heat load. The vehi-
cle is designed such that these constraints are always met
(for the envelope of trajectories considered) and, therefore,
they are not considered when designing the trajectory up-
date. The controllabity of the vehicle is ensured via three
constraints: 1) limitation in the angular rate, 2) limitation
in the angular acceleration and 3) imposition of a flying
corridor in the Mach-a domain. The reason for a flying
corridor is that, due to the aerodynamic properties of the
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Fig. 6: Error at EoE (above) and trajectory (below) follow-
ing initial trajectory planning.

vehicle, there are combinations of Mach and «@ where the
vehicle is underactuated. In [20] a detailed analysis of
the causes and consequences of this phenomenon can be
found.

4. Genetic Programming

Genetic Programming (GP) [21] is an EA capable of au-
tonomously evolve computer programs to achieve a user-
defined objective. Compared to other EAs, GP’s pecu-
liarity is the tree-based structure adopted to represent the
individuals. As an example, Figure 7 depicts a GP individ-
ual that encodes the mathematical expression x * 10+ y +3.

As for other EAs, the core of the GP algorithm is repre-
sented by the evolutionary process, whose general formula-
tion is illustrated in Algorithm 1. Here, crossover consists
in swapping two randomly selected genes - substructures
within a GP tree - of two randomly chosen individuals,
while mutation consists in randomly varying a randomly
selected gene in a randomly chosen individual. Finally,
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Fig. 7: Depiction of a GP individual.

selection consists in choosing a set of well performing in-
dividuals from the global population composed by parents
P and offspring O to create the population for the next
generation of the evolutionary process.

Algorithm 1 Pseudocode of GP evolutionary process

Initialize population P randomly

Compute fitness of individuals in P

Store best individual

while Termination criteria is not met do
Perform crossover and mutation to generate off-
spring O
Evaluate fitness of individuals in O
Apply selection to generate new population P’
Update best individual

end while

AN

° P 3D

Several different approaches to perform crossover, mu-
tation and selection can be found in the literature, and it
is not the aim of this work to discuss them. The reader
is referred to [21,22] for more details. The particular GP
formulation chosen for this work is the Inclusive Genetic
Programming (IGP) [23], because of its ability to handle
complex models efficiently and to produce multiple math-
ematical models simultaneously.

When employed for G&C applications, GP can be in-
corporated as depicted in Figure 8, where x are the states,
u the guidance or control signals and ug. s the reference
guidance or control signal. The GP models are formulated
as mathematical equations that output the desired signals.
These are selected by the user and can be angle of attack
and bank angle, such as in the case of a guidance applica-
tion. But they can also be the actuators’ deflection angles
such as in a control application.

In the context of this work, GP is applied to generate
corrections of the guidance commands, suchasu = u,.. ¢ +
ugp. This way of applying the GP output facilitates the
convergence of the GP evolutionary process. However, if
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these are not available, GP can be applied also directly to
steer the plant towards the desired trajectory, although a
fine tuning of the algorithm might be required to help the
convergence of the evolutionary process.

URef

uGgp u X
GP Plant

Y

Fig. 8: Schematic application of GP in a G&C scheme

Once the GP models are incorporated in the control
loop as depicted in Figure 8, the output of the GP mod-
els is computed for each simulation step or at the onboard
computer frequency when used during flight. The compu-
tational cost associated with the GP models evaluation is
the cost of one function evaluation.

When considering the application of GP in a G&C con-
text, the fitness function is computed by testing the pro-
duced GP guidance laws through a direct interaction with
the environment. This consists in propagating the plant’s
dynamics for every fitness evaluation, potentially result-
ing in a high computational load if the treated problem is
highly nonlinear.

To limit the computational burden, a simplified con-
figuration of the ReFEx simulator is used during the GP
training phase. In this simulator, the state is propagated
using the equations of motion shown in Section 2.3. This
choice limits the type of uncertainties that can be consid-
ered during training. As explained in Section 3, three main
groups of uncertainties affects the vehicle performance:
model, navigation and control uncertainties. As a con-
sequence of the usage of the simplified simulator, only
models’ uncertainties can be considered. However, during
the test phase the complete simulator is used to consider
the effects of all three groups of uncertainties, hence more
realistic simulations.

The incorporation of uncertainties during training is
necessary to obtain a GP guidance law robust against un-
foreseen uncertainties. For exposition’s sake, from this
point onward a combination of uncertainties is defined as
uncertainty scenario. The more uncertainty scenarios are
considered during training, the more robust the produced
GP models will be against unseen uncertainties. However,
the more uncertainty scenarios are considered, the greater
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the computational burden will be. The user must define
a number Ny of uncertainty scenarios to be considered
during training, in order to obtain robust models without
incurring in an excessive computational cost.

Algorithm 2 Pseudocode of GP fitness evaluation

1: Load Ny uncertainty scenarios
2: fori=1— Ny do

3: Set uncertainties as in i — th uncertainty scenario
U;

4: Propagate system’s dynamics to obtain i — th tra-
jectory

5: Evaluate total error ez using Equation 3

6: Store whether the trajectory was successfully prop-
agated or not in the vector S (1=yes, 0=no)

7: end for

8: Compute the total fitness F'y using Equation 4

Uncertainty scenarios are considered during training as
summarized in Algorithm 2: the trajectory propagation
is repeated for each uncertainty scenario, resulting in an
total error ey computed using Equation 3, where € is the
scaled error between the states and their reference values.
The scaling is performed by dividing the errors by the
tolerance on the states at EoE, as reported in Table 1.

er =) lef? 3)

Each total error er is representative of the behaviour
of the considered GP guidance law on that particular un-
certainty scenario. Once all the uncertainty scenarios are
considered, all the obtained global errors are stored in the
vector Fy = [er,, er,, ..., €Ty, ]. The number of success-
ful propagations among those performed is stored in the
vector S, as 1 representing a success and 0 a failure. The
definition of success or failure is defined by the user. More
on the setting used in this work in Section 5.

Finally, the fitness of the individuals is computed using
Equation 4. Here, max and median are used to take into
account both the average behaviour across different uncer-
tainty scenarios and the behaviour in the worst case, so to
produce a GP guidance law that is generally well behaving
and it has good performance even in the worst case.

Fo = max(Fy) + median(Fy)
= max(3 S, 1)

“4)

5. Results
To assess the statistical reliability of GP, 10 runs, i.e.
evolutionary processes, were performed. Each obtained
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GP guidance law was tested by performing a MC composed
of 100 runs. Each MC was set with a different combina-
tion of uncertainties and each of the 10 GP guidance law
was tested on the same combinations of uncertainties. A
trajectory is considered successfully propagated if the ve-
hicle is within the hypercube defined in Table 1 at EOE. As
mentioned above, during the training phase, a simplified
simulator was used considering only the models uncertain-
ties, while for the MC analyses a complete 6DoF simulator
was used.

Two uncertainties scenario configurations were tested,
one comprising only the models’ uncertainties, referred
to as "Limited Uncertainties", and the other considering
model, navigation and control uncertainties, referred to
as "All Uncertainties". These two configurations of un-
certainties were considered because the GP models were
generated using only the models uncertainties, therefore
the configuration with limited uncertainties reflects the be-
haviour of the GP models on uncertainty scenarios of the
same type of those used at training. While when using
all the uncertainties, it is possible to test the GP models’
robustness against unseen types of uncertainties. More-
over, the configuration with all uncertainties reflects the
real environment during flight, hence the GP models must
be tested with this configuration to assess the applicability
of this technique in a real scenario.

5.1 Algorithm Setting

The IGP algorithm used to generate the guidance laws
was set as in Table 2.

Regarding the parameters listed in Table 2, the input
features correspond to the states and the energy linearly
mapped from [X;in, Xmax] With x = r,¢, 4, v,y, x, E
to [0,1]. The energy is computed as £ = Epjnetic —

_ 1.2 —
Epotential: where Epineric = VG and Epotential =

%, where p is Earth’s standard gravitational parameter.
Among the listed primitives, add3 is a ternary addition,
while psqrt, plog and pexp are the protected version of
the sgrt, log and exp functions to avoid numerical errors.
Regarding the mutation mechanisms, the percentage be-
side each of them represents the probability of selecting
that particular mechanism when mutation is applied.

The fitness is computed using Equations 3 and 4, where
the scaled errors € are computed only on the final point of
the trajectory and considering all the states except y. Five
uncertainty scenarios are considered during the training
phase.

TIAC-24,D2,5,8,x87239

Input features
Population Size
Maximum Generations
Stopping criteria
Number of niches
Crossover probability
Mutation probability
1:1 Reproduction probability
Crossover selection criteria
Mutation selection criteria
1:1 Reproduction selection criteria
Evolutionary strategy

A
Number of Ephemeral constants
Limit Height
Limit Size
Selection Mechanism
Double Tournament fitness size
Double Tournament parsimony size
Tree creation mechanism

7. $.4.96.96. XG. E
300 individuals
300

Reaching the maximum number of generations

10

0.2 (+0.01 at every generation if Py = 0) — 0.65
0.7 (-0.01 at every generation if Py = 0) — 0.25

0.1
Best, random
Random
Best
M+ A
Population size
Population Size x 1.2
5
40
40
Inclusive Tournament
2
1.6
Ramped half and half

Mutation mechanisms Uniform (55%), Shrink (5%,
Insertion (25%), Mutate Ephemeral (15%)
One point crossover
+, —, *, add3, tanh, psqrt
plog, pexp, sin, cos

Fitness measure Fy

Crossover mechanism
Primitives Set

Table 2: IGP setting.

5.2 Applied Perturbations

Five uncertainty scenarios were considered to compute
the individuals® fitness. The process employed to select
these scenarios is described hereafter: The simplified sim-
ulator was considered, hence only model uncertainties were
applied. There were 500 MCs performed, each one set
with a different uncertainty scenario and using the refer-
ence guidance commands. The resulting trajectories were
classified by computing their total error using Equation 3.
Also here, the errors € were computed considering only the
last point of these trajectories. Figure 9 depicts the results
of this analysis. Each point represents the total error e re-
sulting from a trajectory propagation, and this is related to
the severity of the considered uncertainty scenario. These
are sorted in ascending order for ease of visualization, and
the red circles highlight the trajectories, i.e. the uncertainty
scenarios, used in the GP training phase. The trajectories
are selected by linearly dividing the interval between the
maximum and the minimum error by Ny;. This methodol-
ogy allows to select the least and most severe uncertainty
scenarios plus other three in between that uniformly cover
the range of possible uncertainty combinations.

5.3 Monte Carlo Analysis

The performance of the proposed approach was assessed
by performing 100 MC runs. The same number of runs,
with the same combinations of uncertainties, were per-
formed using: 1) only the reference guidance commands;
2) the guidance commands generated by the online op-
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Fig. 9: Total errors of all trajectories produced as training
data, sorted in ascending order. The red circles highlight
those selected for the GP training.

timization routine presented in [5]; and 3) the guidance
commands generated by the GP models.

For each of the three guidance approaches, two sets of
uncertainties were considered: a limited one, comprising
only the models’ uncertainties, and another one consider-
ing all uncertainties, i.e. navigation and control uncertain-
ties as well. These uncertainties are described in Section
3.

The results of the performed MCs are listed in Table
3. Here, the results are expressed in term of success rate,
meaning how often the considered guidance law lead the
vehicle in the desired final position at EoE. The results of
all the 10 GP models are presented, along with the result-
ing median and standard deviation. "Reference" refers to
the guidance commands planned after separation and not
updated online, while "Online Optimization" refers to the
guidance update performed with the optimization routine
described in [5].

The same results are summarized in Figure 10, using
boxplots to represent the GP’s statistical distribution.

According to the obtained results, the GP proves capa-
ble of generating guidance laws that improve the perfor-
mance of the reference guidance commands. Moreover, it
achieves a success rate comparable to the optimization ap-
proach currently employed for the ReFEx guidance for both
configurations of uncertainties. This also means, that the
guidance laws produced considering limited uncertainties
during training are still robust against a wider set of uncer-
tainties. From a statistical perspective the GP success rate
is around 95%, hence with slightly worse performance than

TIAC-24,D2,5,8,x87239

Run ID Limited Uncertainties ~ All Uncertainties
1 95% 94%
2 95% 91%
3 99% 97%
4 96% 96%
5 95% 98%
6 98% 99%
7 86% 78%
8 96% 94%
9 71% 78%
10 96% 99%
Median 95.5% 95%
Std Dev 8.4% 8%
Other Approaches
Reference 71% T4%
Online Optimization 100% 99%

Table 3: Success rates of the GP models and those of the
reference guidance commands, for comparison. The
values in bold corresponds to the results plotted in Fig-
ures 11 and 12

100

920

ffffff Reference

8 Online Optimization

80

Success rate (%)

75

70

Limited Uncertainties All Uncertainties

Fig. 10: Comparison between the GP and reference results

the optimization approach. This suggests that, during the
design phase, multiple GP simulations should be conducted
to achieve optimal results. However, these are preliminary
findings based on a statistical sample composed of 10 GP
evolutionary processes. A statistical sample composed by
more than 10 GP runs should be considered to better as-
sess the reliability of the GP algorithm. This point will be
addressed in future works.

Figures 11 and 12 depict the Probability Density Func-
tions (PDFs) of the reference guidance, the online opti-
mization and the GP guidance for the configurations with
limited uncertainties and with all uncertainties respectively.
These PDFs are obtained by considering only the success-
ful MC simulations. These plots depict the probability of
having small errors in the selected quantities at EoE, i.e.
a smaller distance from the desired target. In Figure 12
two lines are plotted for the best GP, since two simulations
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got the highest success rate (99%), as reported in Table
3. From these results it can be observed how the best GP
models tend to have bigger errors at EoE compared to the
optimization approach. This can be explained by how the
GP guidance laws are applied. They are defined by a sin-
gle mathematical models that is applied as a correction for
the reference guidance commands, as depicted in Figure
8. Therefore, one model must be capable of successfully
guiding the vehicle when multiple uncertainties configu-
rations are applied. For this reason, the GP evolutionary
process favor those models that do not overfit the training
data, meaning that they lead the vehicle towards the desired
target but without exceedingly reducing the final accuracy
that would result in overfitting and a loss of robustness.

These considerations are also highlighted in Figures 13
and 14. These plots depict the 100 trajectories resulting
from the MC analyses, considering the online optimization
and the best GP model (Simulation 6) respectively. The
MC analyses were performed considering all uncertainties.
As can be observed from these plots, the optimization ap-
proach tend to greatly reduce the error at the EoE, since
that is the optimization objective. After EoE, other mission
objectives are prioritized (i.e. reducing kinetic energy and
ensuring land landing), and the vehicle’s heading is heavily
modified (see [5]). The GP model shows a wider distribu-
tion of the positions at EoE. As the after-EoE objectives
are out of the scope of the GP model, the trajectories after
reaching the target do not diverge and continue following
their path until they reach the ground.

Lastly, the convergence of the GP evolutionary process
is analyzed in Figure 15. Here, the mean (solid line) and
standard deviation (shaded areas) of the fitness value across
the performed generations is showed. The results are de-
picted using the logarithmic scale to highlight the small
differences towards the end of the evolutionary process.
Mean and standard deviations are computed considering
the 10 GP evolutionary processes performed. From these
results it can be observed how the evolutionary processes
converge towards similar fitness values. Therefore, the
fitness value itself is not directly indicative of the perfor-
mance of the obtained GP models, since, with similar fit-
ness values, models with 71% and 99% success rates were
obtained. This suggests that the fitness functions should
be formulated differently to further consider the different
behaviours on the considered uncertainty scenarios during
training, or to consider more uncertainty scenarios dur-
ing training. This would improve the robustness of the
obtained models.

TAC-24,D2,5,8,x87239

6. Conclusions

This work presented the application of GP to generate
feedback guidance laws for the ReFEx RLV. The guid-
ance strategy implemented for this missions consists of
two steps: 1) correcting once for dispersion after separation
from the launcher (trajectory planning), and 2) correcting
periodically for the effect of modelling uncertainties and
control and navigation errors (trajectory tracking). Both
algorithms are based on a simplification of the optimal
control problem into a non-linear unconstrained optimiza-
tion problem.

In this work, GP is proposed as an alternative to the
aforementioned approach. The main advantage of GP com-
pared to other optimization-based approaches, is that the
GP algorithm can be applied across different test cases,
by adjusting the definition of the vehicle’s dynamics and
properties, while the algorithm’s inner working does not
require fine tuning for each different test case. On the other
hand, optimization-based approaches require the formula-
tion of the optimization problem that is specific for each
considered test case. Moreover, to the best of the authors’
knowledge this is the first application of the GP algorithm
to an accurate model of a real vehicle, therefore this work
contributes in increasing the TRL of the GP technique for
guidance design.

10 GP evolutionary processes are performed, produc-
ing 10 different guidance models. During the evolutionary
process, a simplified plant model was used for propagating
the equations of motion and obtaining the terminal condi-
tion achieved by the evolving guidance law. For testing the
guidance law finally obtained at the end of the evolution-
ary process, a complete 6DoF simulator with the controller
in the loop was considered, and two uncertainties settings
were considered, one with only models uncertainties and
the other with uncertainties applied to the models, naviga-
tion and control signals.

The results obtained by the GP models are comparable
to those of the current ReFEx guidance. Statistically, the
success rate improves by 24.5% and 21% for the configura-
tion with limited and all uncertainties, if compared with the
reference (not updated) guidance commands. A peak of
99% success rate was observed in both uncertainties con-
figurations, while the current guidance approach shows
100% and 99% success rates for the configurations with
limited and all uncertainties respectively. Statistically, GP
is slightly worse with a median success rate of 95% with
a standard deviation of 8%. Therefore, at design phase,
multiple GP evolutionary processes should be performed
in order to find the best performing one. These results
show GP’s promising potential. At this stage it could be
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Fig. 12: PDFs of the considered guidance approaches with all uncertainties

suitable as a method that is cheap to evaluate during real-
time closed loop and could be used e.g. as backup or initial
guess for other, more computationally expensive guidance
methods.

Three main future work directions can be identified:
first, the number of GP evolutionary processes should be
increased to better assess its statistical reliability; second,
the uncertainty on the initial position should be included,
since it is a problem affecting the ReFEx mission; and
finally, the fine tuning of the GP algorithm should be in-
vestigated to improve its performance.
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