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Abstract: As technology improves, the complexity of controlled systems increases as well. Alongside
it, these systems need to face new challenges, which are made available by this technology advancement. To overcome these challenges, the incorporation of AI into control systems is changing its
status, from being just an experiment made in academia, towards a necessity. Several methods to
perform this integration of AI into control systems have been considered in the past. In this work,
an approach involving GP to produce, offline, a control law for a reentry vehicle in the presence of
uncertainties on the environment and plant models is studied, implemented and tested. The results
show the robustness of the proposed approach, which is capable of producing a control law of a complex nonlinear system in the presence of big uncertainties. This research aims to describe and analyze
the effectiveness of a control approach to generate a nonlinear control law for a highly nonlinear
system in an automated way. Such an approach would benefit the control practitioners by providing
an alternative to classical control approaches, without having to rely on linearization techniques.
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1. Introduction
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Several decades after its formulation, and despite the great abundance of different
control schemes and paradigms in the academic literature, the PID controller is still the
most used control approach in industrial and real world applications. This is due to its
simplicity, effectiveness and to the decades long active research. Nonetheless, it needs to
be applied to linear or linearized models to work efficiently. This is particularly difficult in
the aerospace domain, where the physics of the controlled plant and of the environment
are defined by nonlinear models. To overcome the limitations of the PID controller and
improve the performances and robustness of a control system, several control system
design approaches have been proposed in the past, such as optimal control, adaptive
control and robust control. However, all these different control system design approaches
require accurate mathematical models and they are challenged by the nonlinear character of
these models [1]. Moreover, as discussed by Haibin et al. [2] and Xu et al. [3], these complex
systems have to meet stringent constraints on reliability, performances and robustness
and the current control methods can only satisfy these constraints partially, usually by
relying on simplified physical models. An in depth review of guidance control algorithms is
presented by Chai et al. [4]. In their work, several guidance control algorithms are analyzed
and divided into three main categories: Stability-theory based, optimisation-based and AIbased. Each of these three approaches present pros and cons which can be summarized as
follows: Stability-theory based methods are characterized by a well defined mathematical
formulation and proof of their stability; nonetheless, they present issues when dealing with
uncertainties and when the controlled system models are not well defined. As for stabilitytheory based methods, also the optimisation-based methods’ robustness and stability are
proved mathematically and they are flexible in the sense that they can be easily combined
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with other tools. However, they are computationally expensive, they have issues when
dealing with constraints and nonlinearities and the reliability of the approaches devised to
overcome these limitations, e.g., convexification, can be questioned. To overcome these
issues and to fully exploit the available nonlinear models, AI could be used and integrated
in classical control schemes. Despite the application of AI for control purposes is still
in an early stage, it could greatly enhance the control capabilities and the robustness of
classical control schemes. However, as pointed out in [4], they lack of mathematical proofs
of reliability. A more in depth survey on some of the latest applications of AI in spacecraft
guidance dynamics and control was produced by Izzo et al. [5] where the potential benefits
of this research direction were assessed. A promising AI technique which can be used for
control purposes is GP. GP is a CI technique belonging to the class of EAs. It was made
known by Koza in 1992 [6] and it is capable of autonomously finding a mathematical inputoutput model from scratch to minimize/maximize a certain fitness function defined by
the user. As other EAs, it starts from an initial population of random individuals and then
evolves them using evolutionary operators such as crossover, mutation and selection until
a termination condition is met. The evolution is guided by the principle of the evolution of
the fittest and it proceeds by finding increasingly better individuals to solve the desired
problem. In contrast to other EAs, in GP an individual is structured as a tree which
represents a mathematical function. This clear representation of the models produced by
GP is an advantage when compared to other ML techniques, like NNs, especially in a
control context. In fact, to assess the reliability and robustness of a control scheme it is
desirable to have the complete mathematical representation of it. This can be naturally
achieved by GP while a NN produces a so called black-box model, where inputs are
provided and outputs are produced but what is inside the model is not known to the user.
The effectiveness of a GP based controller was discussed in [7], where it was shown that
GP is capable of producing human-competitive results. In general, in a control context GP
can be used to autonomously find a control law, starting from little or no knowledge of the
control system, capable of performing the guidance or attitude control of a desired plant. It
is not limited by the aforementioned nonlinearities and by being autonomous, it permits
to avoid the cumbersome mathematical formulation of other control approaches. Hence,
the aim of this work is to present a controller design approach based on GP applied to the
reentry guidance control problem of the FESTIP-FSS5 RLV, considering the presence of
uncertainties in the environment and plant models. The purpose of the presented control
approach is to overcome the challenges related to the control of highly nonlinear systems.
In particular, the proposed approach allows avoiding the use of linearization techniques
that introduce modelization discrepancies and over simplified controllers that can fail in
real conditions. This is particularly true for reentry applications, where the environment
and aerodynamic models vary rapidly and modelization and control simplifications can
result in system failures. To the best of the authors knowledge no application of GP to the
guidance control of a reentry vehicle was found in the literature. The learning process is
performed offline due to hardware limitations, but, as the hardware technologies improve,
there will be the possibility to perform the process online in the future. A recent example of
progress in this direction is represented by the work of Baeta et al. [8], where they proposed
a framework to deploy GP using TensorFlow. If such an approach proves to be easily
applicable to other GP applications, with improvements in the computational time of the
same order of magnitude of those found in [8], it would represent a big step forward in
the online usage of GP for control purposes. In fact, what was done so far in the literature
consists in applying the GP offline to find a control law. On the other hand, if GP is used
online, it is possible to define that control approach, IC [9].
The reminder of the paper is organized as follows: In Section 2 an overview of the
different control approaches for reentry applications is provided; in Section 3 the theory
behind GP and the particular GP algorithm employed in this work, the IGP, are presented
along with a description of the IGP settings for this work. In Section 4 the chosen test case
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is described, while in Section 5 the obtained results are presented. Finally, in Section 6 the
found conclusions and future work directions are discussed.
2. Related Work
Among the different control approaches employed for reentry applications, the most
commonly used are MPC, Optimal Control and Sliding Mode Control. MPC is a control
strategy akin to optimal control, in the sense that a finite-horizon optimization of the control
variables is performed online while satisfying the imposed constraints. Luo et al. [10] used
this technique to solve the attitude control problem of a reentry vehicle while considering
the actuator dynamics and failure scenarios. A more recent approach involving MPC is
proposed by Wang et al. [11], where they used a convex optimization with pseudospectral
optimization inside an MPC framework, to solve a constrained rocket landing problem.
Both these approaches proved to be successful, but in order to be applied, they must rely
on simplified aerodynamic models or on the constraints convexification as done for the
convex optimization approach. These restrictions are common to Optimal Control. In fact,
the use of an optimizer, especially gradient based, inside a control framework is an issue
if the models involved are nonlinear. Nonetheless, Optimal Control is widely used, both
for ascent and reentry trajectory optimization. An example of that is represented by [12],
where a pseudospectral optimal control approach is used to generate online the optimal
guidance controls for a reentry vehicle in the presence of disturbances and constraints,
but simplified aerodynamic models are used. A similar approach is used in [13], where
a pseudospectral optimal control algorithm is combined with a sliding mode controller
to take into account uncertainties, but also here a simplified aerodynamic model is used.
Other usage of a sliding mode controller can be found in [14], where a sliding mode
controller is used for the approach and landing phase of a reentry vehicle but simplified
aerodynamic models are used and constraints are imposed only on the states variables.
While in [15], an adaptive twisting sliding mode controller is used for the attitude tracking
of an hypersonic reentry vehicle. Such an approach is not tested on a constrained problem
and involves a cumbersome mathematical formulation.
All the aforementioned techniques can be considered “classical” approaches, in contrast to those based on AI. AI control approaches for reentry vehicles are more rare in
the literature, but, as said above, the incorporation of AI in control systems is becoming
more and more frequent. Few examples of these approaches are represented by the work
done by Wu et al. [16] and Gao et al. [17]. In the former, a fuzzy logic-based controller
is developed for the attitude control of the X-38 reentry vehicle; while on the latter, a
Deep Reinforcement Learning approach is used for the reentry trajectory optimization of a
reusable launch vehicle.
Among the various AI techniques employed, EAs are among the less employed.
In particular to the best of the authors knowledge no control approach for a reentry vehicle
involving GP was studied in the literature. For reentry applications, EAs are mostly used
to find an optimal reentry trajectory, as it is done in [18–20]. Other uses of EAs in reentry
applications can be found in [21], where GA is used to optimize the parameters of a sliding
mode controller applied to the attitude control of a reentry vehicle. While, in [22] the
evolutionary method Pigeon Inspired Optimization is combined with a Gauss Newton
gradient based method to form a predictor-corrector guidance algorithm. The goal of this
guidance scheme is to use the EA to generate an initial condition for the gradient-based
method to solve the entry guidance problem.
3. Genetic Programming for Control
Genetic Programming (GP) is a Computational Intelligence (CI) technique pertaining
to the class of Evolutionary Algorithms (EAs) made known by Koza in 1992 [6]. As other
EAs, GP consists in evolving a program from an initial population of randomly generated
programs, to minimize/maximize a defined fitness function. Such evolution is performed
according to the defined crossover, mutation and selection operators, in order to steer the
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evolution of the population in the desired direction and avoid local minima. Compared
to other EAs, in GP the individuals are shaped as trees which corresponds to symbolic
mathematical equations as depicted in Figure 1, where a, b and 3 are called terminal nodes,
and a and b are the input variables. The other nodes in the GP tree corresponds to the
primitive functions provided by the user and employed by the GP algorithm to build
programs autonomously.

Figure 1. Structure of an individual in GP. The tree can be read as the equation on the right.

About the evolutionary operators, crossover consists in an exchange of genes between
two parents individuals to produce other two individuals as offspring. Looking at Figure 2,
two genes highlighted by the green and orange boxes are exchanged between the parents
to form the offspring. Regarding the mutation operation, a randomly chosen gene of
a chosen individual is randomly mutated to generate a new offspring, as depicted in
Figure 3. Several different types of the crossover and mutation operators were devised in
the past decades and which one to choose is highly dependant on the particular problem
to solve. Since it is not the aim of this work to provide a comprehensive description of the
peculiarities of the GP algorithm, the reader is referred to [6] for more details.

Figure 2. Schematic of crossover operation. From two parents, two offspring are generated.

Regarding the control applications of GP, several examples can be found in the literature. In [23] a multi-objective GP is used to evolve controllers for a UAV allowing it
to navigate towards a radar source. In [24] an adapted GP approach is used to generate
the control law for a UAV which provides recovery onto a ship considering real world
disturbances and uncertainties. Other control approaches involving GP are represented
by [25] where GP is used to generate a control Lyapunov function and the modes of a
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switched state feedback controller; while in [26] GP is used to generate a PID based controller. All these approaches involving GP for control applications cannot be considered IC.
In fact, the GP evaluation is done offline and no online learning is present. An example of
GP used in an IC framework is represented by the work of Chiang [27] where the control
law for a small robot is produced online using GP, with the aim of moving the robot
in an environment filled with obstacles. A similar approach was used in [28], where a
guidance controller for a Goddard rocket is designed online to cope with different kinds of
uncertainties. In contrast to this last example, the work presented here aims to generate a
control law for a much more complex and nonlinear system, also considering more severe
uncertainties. This results in a longer computational time, hence the impossibility to use it
online with the current hardware technology. In fact, to generate the control law online
successfully, the considered plant must be very simple in order to perform the evolutionary
process in a useful time interval.

Figure 3. Schematic of mutation operation.
mutated randomly.

A randomly selected gene of an individual is

As opposed to all these examples, the approach proposed in this work is developed
considering a more complex plant model and uncertainties are also taken into account. In
fact, the proposed control approach takes into account the nonlinearities present in the
models of the vehicle dynamics, the aerodynamics and the environment while uncertainties
are applied to the environment and aerodynamic models. Moreover, to the best of the
authors’ knowledge this is the first application of GP to perform guidance control of the
reentry trajectory of an RLV.
The work produced in [28] was later used as a foundation to design the Hybrid GPNN controller presented in [29]. In this control system, the GP was used offline to generate
a control law that was later optimized online by a NN. The approach to generate offline the
GP control law is the same used in this work, with the following differences: (1) A different
more challenging application is considered, (2) more severe uncertainties are applied and
(3) a more thorough analysis of the GP performances is conducted than the one performed
in [29].
3.1. Inclusive Genetic Programming
The particular GP algorithm used in this work is the Inclusive Genetic Programming
(IGP), which was originally presented in [29] and later analyzed in [30]. IGP was developed
in Python 3 relying on the open source library DEAP [31]. IGP was designed to promote
an maintain the population’s diversity throughout the evolutionary process, so to avoid
losing big individuals due to bloat control operators. In fact, it was observed in [29] that
bigger individuals are capable of handling the nonlinearities of the treated problem better
than smaller individuals. Therefore, to maintain the population’s diversity and hence
also preserve big individuals, three main features were inserted in the GP algorithm so
to make what is now called the IGP. These features are: (1) A niches creation mechanism;
(2) the Inclusive Reproduction and (3) the Inclusive Tournament. The creation of the niches
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implies that IGP belongs to the class of niching method. Niching methods are among the
various methods used to tackle the diversity issue in GP. In contrast to standard niches
approaches, the IGP makes use of the niches in a different manner. In fact, in the IGP the
niches are used to make sure that the majority of the individuals are considered during
the evolutionary process and that a flow of genes is established between the different
niches. While in standard niching methods, the niches are separated and are used to find
different local optima in a multimodal optimization, by parallel evolving the different
niches towards different optima [32].
The whole Inclusive Evolutionary Process is based on the µ + λ evolutionary strategy [33] and it is schematized in Figure 4. The process starts with an initial population
which is subdivided into niches. Then the Inclusive Reproduction is performed, λ offspring
is produced and the total of the individuals (parents+offspring) is subdivided into niches.
These new niches are used to select µ individuals from the new population, which is again
subdivided into niches and the process starts again.
Regarding the niches creation mechanism, the individuals in the IGP populations are
divided into niches according to their genotypic diversity, which is the number of nodes
inside each individual, i.e., their length. Each niche will cover a lengths interval, defined by
the maximum and minimum lengths of the individuals in the population, and the number
of niches. This way, each niche will be placed between the extremes of each interval and
these extremes are evenly spaced between the maximum and minimum length of the
individuals in the population. For example, if the maximum length is 30, the minimum is 5
and 5 niches are created, the lengths intervals that the niches will cover will be [5, 11.25],
[11.25, 17.5], [17.5, 23.75], [23.75, 30]. So the first niche will contain those individuals with a
length between 5 and 11.25 and so on. The number of niches to create is decided by the
user and this number is kept constant throughout the evolutionary process. Nonetheless,
the lengths intervals that they cover will change during the evolution since the maximum
and minimum lengths of the individuals in the population will change. This allows for a
shifting of the individuals between contiguous niches, helping to maintain diversity.

Figure 4. Schematic representation of the Inclusive Evolutionary Process.

About the Inclusive Reproduction, it is designed to consider all the niches during
the mating process. To perform crossover, two niches are selected from a list of available
niches which is updated as the process goes on. Such an update consists in removing the
selected niches and when all of them are selected, the list of available niches is reset to its
initial state. Regarding the two selected niches, the best performing individual is selected
from the first niche and a random one is selected from the second, this to consider the best
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performing individuals but also to avoid losing diversity. When mutation is selected, a
niche is selected from the list of the available niches and such list is updated as said above.
Then a random individual is chosen from the list. The individual is chosen randomly since
applying mutation to the best performing ones does not guarantee an improvement. While,
when 1:1 reproduction is selected, the best individuals is passed unaltered to the offspring.
These selection criteria are summarized in Table 1.
Finally, the Inclusive Tournament consists in applying a Double Tournament [34] to
all the niches sequentially, where each niche can be considered at most t times, where t is
the number of individuals inside them. This is done to reduce the probability of having
clones in the population. More on the Inclusive Reproduction and Selection can be found
in [30]. Finally, other two peculiarities of the IGP in comparison to other GP formulations
are its ability to handle constraints and the fact that is set to evolve more than one GP
tree simultaneously.
3.2. Inclusive Genetic Programming Settings
The ability of the IGP to handle constraints and to evolve more than one GP tree at the
same time, makes it particularly suited to solve control problems. In fact, the possibility
to evolve more than one GP tree at the same time, allows to solve a control problem with
more than one control parameter, which is often the case for most applications.
To produce the results presented in Section 5, the IGP was set as in Table 1, and two
GP trees are evolved simultaneously, one for each control parameter of the considered
problem. These will referred as α-individual and σ-individual from this point onward.
Table 1. Settings of IGP algorithm. The percentages near the mutation mechanisms refers to the
probability of that mutation mechanism to be chosen when the mutation is performed. The selection
criteria refers to the criteria used to select the individuals from the niches when performing crossover,
mutation or 1:1 reproduction.

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
µ
λ
Number of Ephemeral constants
Limit Height
Limit Size
Selection Mechanism
Double Tournament fitness size
Double Tournament parsimony size
Tree creation mechanism
Mutation mechanisms
Crossover mechanism
Primitives Set
Fitness measures

300 individuals
150
Reaching maximum number of generations or successful
trajectory found
10
0.2 (+0.01 at every generation if Fit2 = 0) → 0.65
0.7 (−0.01 at every generation if Fit2 = 0) → 0.35
0.1
Best, random
Random
Best
µ+λ
Population size
Population Size × 1.2
2
30
50
Inclusive Tournament
2
1.6
Ramped half and half
Uniform (50%), Shrink (5%),
Insertion (25%), Mutate Ephemeral (20%)
One point crossover
+, −, ∗, add3, tanh, psqrt
plog, pexp, sin, cos
Fit1 , Fit2
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Regarding the fitness functions, they are designed to solve the considered problem:
The vehicle’s final position must be inside the FAC box, as described in Section 4, while
satisfying the imposed constraints on normal acceleration, dynamic pressure and heat rate.
To reach this goal, the fitness functions were implemented as in Equation (1). The evolutionary strategy on which the IGP was built, is such that first it favors those individuals
that minimize and satisfy the constraints violation. So it first tries to get Fit2 = 0, then
it favors those individuals with a better, i.e., lower, value of the fitness Fit1 , which tells
how close the final position is to the desired one. RMSE in Equation (1) is the Root Mean
Square Error.
Fit1 = RMSE([ Te /100, FACR · 1000])
Fit2 = RMSE(CV )

(1)

In Equation (1), Te is an array composed as in Equation (2) by the values of the IAE
between the reference states and the actual ones evaluated on the last 50 points of the
trajectory, as in Equation (3), where ex is evaluated as in Equation (4). For more details on
the states and the whole test case, see Section 4.
Te = [ I AE50 (V ), I AE50 (χ), I AE50 (γ), I AE50 (θ ), I AE50 (λ), I AE50 (h)]
I AE50 =
(x
ex =

Z t
f −50

re f − x
xmax

xre f − x

tf

|ex |dt

if x is V, χ, γ, h
if x is θ, λ

(2)
(3)

(4)

The integrals inside Te were not evaluated on the whole trajectory but only on its last
50 points. This was done to encode in the fitness function the instruction for the GP to
find a control law that produces a trajectory similar to the reference one in the last part,
but it leaves it freedom on the rest of it, except for the constraints satisfaction. This way,
the GP has more freedom to find a control law that satisfies the constraints but does not
necessarily needs to track exactly the reference trajectory, which might be impossible due to
the presence of uncertainties. In fact, the trajectory is considered successful if the constraints
are satisfied and the vehicle’s final position is inside the FAC box. This last information
is encoded in the FACR array of Equation (1) which is composed as in Equation (5) and
where the errors are evaluated as in Equation (4).
FACR = [eθ f , eλ f , eh f /10]

(5)

The FACR array contains the errors between the final value of h, λ and θ and their
final value of reference. The different way to evaluate the errors on the states, as shown
in Equation (4), is done to balance their values since the errors on λ and θ tends to be
much smaller that those of the other states. For the same reason, eh f was divided by
10 in Equation (5). Moreover, to make the FAC requirement more important than the
minimization of the tracking errors, in Equation (1) FACR was multiplied by 1000 and Te
was divided by 100. This combination of scaling factors is an heuristic that was defined
experimentally, so it could be improved. Nonetheless, it is important since the magnitude
of the different errors and IAEs varies of several orders of magnitude.
Fit2 is implemented in a more straightforward way. CV in Equation (1) represents
an array composed by the constraints violations measured during the evaluation of the
trajectory. The constraints violation is evaluated as the error between the constrained
quantity and its maximum or minimum value. If such an array is empty, meaning that the
trajectory satisfies all the constraints, Fit2 is set to 0.
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About the other features listed in Table 1, the mutation and crossover rates are changed
dynamically during the evolutionary process. The mutation rate starts at 0.7 and it is
decreased by 0.01 at every generation while the crossover rate starts at 0.2 and it is increased
by 0.01 at every generation, until the mutation rate becomes 0.35 and the crossover rate 0.65.
This change is done if at least one individual with Fit2 = 0 is found at the current generation.
The rationale behind this approach is that exploration is favored at the beginning of the
evolutionary process and until at least one individual that satisfies the imposed constraints
is found. While, exploitation is favored towards the end of the evolutionary process to
find better individuals. Then, limit height and size are two parameters used by the bloat
control operator, which is the same implemented in the DEAP library but modified to take
into account individuals composed by multiple GP trees. Moreover, the crossover and
mutation operations, which are the same of the DEAP library, are modified to take into
account individuals composed by multiple GP trees. Four different mutation mechanisms
were used as listed in Table 1 and the probability of them being selected when mutation is
applied is reported in the brackets near them. Finally, about the operations listed in the
primitive set, add3 is a ternary addition, psqrt, plog and pexp are protected square root,
logarithm and exponential to avoid numerical errors.
4. Test Case
To test the proposed control approach, a reentry mission of the FESTIP-FSS5 RLV is
simulated. This vehicle was chosen since by being a spaceplane, it possess more control
capabilities than a classical rocket and its guidance control during the reentry phase is
particularly challenging due to the rapidly varying aerodynamic forces. The model of the
vehicle, as well with the aerodynamic and atmospheric models, were taken from [35] and
it is characterized by a lifting body and an aerospike engine. For the considered mission,
two control parameters were considered, the angle of attack α and the bank angle σ. The
aerodynamics models are composed by two lookup tables that give the values of cl and cd
as a function of the Mach and angle of attack. These data were obtained from experimental
data, hence they form a nonlinear model. The aerodynamic data were smoothed with
the CSG approach described in [36]. The atmospheric model is the USSA-1962 model.
Regarding the mission, its details were taken from [37] and they are summarized in Table 2.
Table 2. Summary of the reentry mission.
States
Controls
Initial
Conditions

Final
Conditions

Controls
Bounds
Constraints

V, χ, γ, θ, λ, h
α, σ
V0 = 2600 m/s,
χ0 = 0 deg,
γ0 = −1.3 deg
θ0 = −85 deg,
λ0 = 30 deg,
h0 = 51 km,
Vf = 91.44 m/s,
χ f = −60 deg,
γ f = −6 deg,
θ f = −80.7112 ± 0.0014 deg,
λ f = 28.6439 ± 0.0014 deg,
h f = 609.6 ± 121.92 m
−2 deg ≤ α ≤ 40 deg
−90 deg ≤ σ ≤ 90 deg,
−25 m/s2 ≤ az ≤ 25 m/s2 ,
q ≤ 40 kPa,
Q̇ ≤ 4 MW/m2
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As described in [37], the final conditions corresponds to the target FAC box so to have
an horizontal landing at the Space Shuttle Landing Facility at the NASA Kennedy Space
Center. The FAC is defined by the final values of h, λ, θ and their respective tolerances.
A trajectory was considered successful if the final position of the vehicle was inside the
FAC box.
Regarding the constraints in Table 2, the one on the dynamic pressure q comes from the
original formulation of the problem from [35]. The constraint on the normal acceleration
az was increased from 15 to 25 m/s2 , to correspond to a load factor of about 2.5 g’s. This
choice was made to be more in line with the load factor constraint imposed in [37], since
the aim was to fly a similar trajectory. The heat rate constraint was taken from [38] and was
modeled as in Equation (6)

√
Q̇ = C ρV 3 (1 − 0.18 sin2 Λ) cos Λ

(6)

0.5

where C = 9.12 × 10−4 kg m1.5 s−3 and Λ = 45 deg. This heat rate model was chosen
since no data of the FESTIP-FSS5 vehicle were available, and as reported in [38], the chosen
heat rate model is a conservative approach. For more details on the heat rate model, please
refer to [38].
4.1. Reference Trajectory
The trajectory used as reference for the controller was obtained by solving an optimal
control problem using a Multiple-Shooting transcription. The initial guess research for
the Multiple-Shooting was performed with the approach presented in [36]. The objective
function was set to minimize the difference between the actual final position and the
desired one while satisfying the constraints in Table 2. The obtained reference trajectory is
shown in Figure 5.

(a) Reference trajectory

(b) Close up on FAC box

Figure 5. Reference trajectory and close up on its final part. The red box highlights the FAC box.

4.2. Uncertainty Model
The control mission is simulated by inserting uncertainties into the aerodynamic and
atmospheric models. The formulation of the uncertainties was taken from [39]. According
to these models, the uncertainties were formulated by creating different sets of interpolating
surfaces which were applied to the atmospheric and aerodynamic models to make them
vary within a certain range from their unperturbed values, as in Equation (7).
xunc (t) = xnom (t)[r (t)((1 + e) − (1 − e)) + (1 − e)]

(7)

In Equation (7), xnom is the nominal value of the quantity on which the uncertainty is
applied, e is the uncertainty bounding parameter and r is a random parameter varying in
the interval [0, 1]. Using Equation (7), the quantity nominal value is randomly varied in the
interval [1 − e, 1 + e]. The random value r is picked from an uncertainty profile obtained
by interpolating 50 points randomly generated and uniformly distributed as in Figure 6.
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Here, the time starts at 100 s since the uncertainties were inserted at 100 s, as explained in
Section 5.
In this work, three interpolating surfaces, for the pressure, temperature and aerodynamics, were created for each different uncertainty scenario in the uncertainty set. Each
uncertainty set is composed of 20 uncertainty scenarios and 11 uncertainty sets were created
in this work, for a total of 220 uncertainty scenarios. According to what was done in [39],
three e parameters were evaluated, one for each perturbed quantity. The reference values
of the upper and lower bounds, and the other quantities used to evaluate the e parameters
are the same as in [39], and are summarized in Table 3, with the exception of hc , Mc and αc
which were changed according to the considered problem.

Uncertainty Profile

1.0

Interpolation

0.8
0.6
0.4
0.2
0.0

100

200

300
400
Time [s]

500

600

Figure 6. Example of an uncertainty profile.
Table 3. Reference values used to evaluate e as in [39].
hc
Mc
αc
lb,T
ub,T
lb,P
ub,P
lb,h
ub,h
lb,M
ub,M
lb,α
ub,α

121,920 m
10
40 deg
0.1
0.5
0.01
0.5
0.1
0.2
0.1
0.2
0.1
0.2

5. Results
All the results in this work were obtained on a laptop with 16 GB of RAM and an
Intel® Core™ i7-8750H CPU @ 2.20GHz × 12 threads and multiprocessing was used.
The code was developed in Python 3 and it is open source and can be found at https:
//github.com/strath-ace/smart-ml (Last accessed on 4 April 2021).
The methodology to test the proposed control approach was structured so to prove
the ability of GP to find an adequate control law in the presence of various levels of
uncertainties. These uncertainties were applied after 100 s from the start of the mission.
After the applications of the uncertainties, the trajectory was flown using the reference
control values until one of the states went outside the range of 1% from its reference
value. When that happened, the GP evaluation was started. This was done to simulate the
scenario where the system has to adapt during flight to changes in the environment and
plant models.
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To define the level of uncertainty, the e parameter in Equation (7) was varied. As
explained in Section 4, three e parameters were used, one for each perturbed quantity. These
parameters were varied by increasing the boundaries used to evaluate them, by 10% in each
different simulation. The starting values are those listed in Table 3 and they correspond to
those used in Simulation 0 in Table 4. Then they were increased by 10% in Simulation 1, 20%
in Simulation 2 and so on. These settings are summarized in Table 4. For each simulation,
a different uncertainty set was produced which was composed by 20 different uncertainty
profiles, where an example of uncertainty profile is shown in Figure 6. Therefore, 20 GP
runs were performed for each different simulation and a total of 11 different simulations
was performed, so up to 100% increment in the bounds values. This lead to a total of 220 GP
runs performed. Twenty uncertainty profiles were produced for each uncertainty set so to
avoid having too big computational times and a total of 11 simulations was performed,
since it was physically meaningless to have too big uncertainties.
Table 4. Bounds values for each simulation.

Simulation 0
Simulation 1
Simulation 2
Simulation 3
Simulation 4
Simulation 5
Simulation 6
Simulation 7
Simulation 8
Simulation 9
Simulation 10

lb,T

ub,T

lb,P

ub,P

lb,h

ub,h

lb,M

ub,M

lb,α

ub,α

0.1
0.11
0.12
0.13
0.14
0.15
0.16
0.17
0.18
0.19
0.2

0.5
0.55
0.6
0.65
0.7
0.75
0.8
0.85
0.9
0.95
1.0

0.01
0.011
0.012
0.013
0.014
0.015
0.016
0.017
0.018
0.019
0.02

0.5
0.55
0.6
0.65
0.7
0.75
0.8
0.85
0.9
0.95
1.0

0.1
0.11
0.12
0.13
0.14
0.15
0.16
0.17
0.18
0.19
0.2

0.2
0.22
0.24
0.26
0.28
0.3
0.32
0.34
0.36
0.38
0.4

0.1
0.11
0.12
0.13
0.14
0.15
0.16
0.17
0.18
0.19
0.2

0.2
0.22
0.24
0.26
0.28
0.3
0.32
0.34
0.36
0.38
0.4

0.1
0.11
0.12
0.13
0.14
0.15
0.16
0.17
0.18
0.19
0.2

0.2
0.22
0.24
0.26
0.28
0.3
0.32
0.34
0.36
0.38
0.4

Figures 7 and 8 show a qualitative depiction of some of the profiles of the perturbed
quantities. The profiles on these pictures come from the first GP run of each simulation.
The continuous lines represent the successful cases while the dashed lines the unsuccessful
ones. The shaded ares represent the regions contained between the uncertainty bounds
and in which the perturbed quantities could have varied when applying the disturbance
profiles like the one in Figure 6. As already said, Figures 7 and 8 are purely qualitative but
they give an idea of the magnitude of the applied uncertainties. In particular, in Figure 7b
the progressive increase of the uncertainty bounds from one simulation to the next is
clearly visible.

Pressure Profile
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Temperature Profile
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(a) Perturbed pressure profiles
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(b) Perturbed temperature profiles

Figure 7. Perturbed pressure and temperature profiles of one GP run for each different simulation.
The continuous lines represent the successful cases and the dashed one the unsuccessful ones. The
time starts at 100 s since the uncertainties were applied at 100 s.
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Lift Profile
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(a) Perturbed lift profiles
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(b) Perturbed drag profiles

Figure 8. Perturbed lift and drag profiles of one GP run for each different simulation. The continuous
lines represent the successful cases and the dashed one the unsuccessful ones. The time starts at 100 s
since the uncertainties were applied at 100 s.

As shown in Table 1, each GP simulation was run until a successful trajectory was
found or it was stopped after 150 generations. As stated above, a trajectory was considered
successful if the final position of the vehicle was within the FAC box and the constraints
were satisfied for the whole trajectory. A qualitative example of the performed trajectories is
depicted in Figures 9–11. Here the performed trajectories of the 20 GP runs for Simulations
0, 5 and 10 are shown. In plots Figures 9a–11a the full reentry trajectories are plotted in
terms of altitude h, longitude θ and latitude λ, where the red dashed line is the reference
trajectory, the green lines are the successful trajectories and the black lines are the failed
trajectories. These trajectories show the three-dimensional path of the vehicle during the
reentry phase and it is clear how, when increasing the magnitude of the applied uncertainties, the vehicle tends to stray from the reference trajectory. The plots Figures 9b–11b show
a closeup on the final part of the trajectory to highlight the FAC box and how close the
obtained trajectories got to it. The FAC box is projected onto its components θ, λ and h and
it is represented by the black horizontal lines. Despite being a qualitative depiction, it can
be seen from Figures 9–11 how the performed trajectories deviates more and more from
the reference as the magnitude of the applied uncertainties increases.
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Figure 9. Trajectories obtained as a results of the 20 GP runs in Simulation 0. Plot a shows an overview of the performed
trajectories while plot b depicts a closeup on the final part of the trajectory to show which trajectory ended inside the FAC
box and which did not. The black horizontal lines in plot b show the FAC bounds for θ, λ and h. UP refers to the different
uncertainty profiles.
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Figure 10. Trajectories obtained as a results of the 20 GP runs in Simulation 5. Plot a shows an overview of the performed
trajectories while plot b depicts a closeup on the final part of the trajectory to show which trajectory ended inside the FAC
box and which did not. The black horizontal lines in plot b show the FAC bounds for θ, λ and h. UP refers to the different
uncertainty profiles.
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Figure 11. Trajectories obtained as a results of the 20 GP runs in Simulation 10. Plot a shows an overview of the performed
trajectories while plot b depicts a closeup on the final part of the trajectory to show which trajectory ended inside the FAC
box and which did not. The black horizontal lines in plot b show the FAC bounds for θ, λ and h. UP refers to the different
uncertainty profiles.

For a more quantitative point of view, the number of successes for each simulation
is shown in Figure 12. Here, it is clear that with the reference values of the uncertainty
bounds, the GP is able to find a successful control law 100% of the times and this success
rate tends to decrease as the uncertainty bounds increase, as expected. Three cases go
against this trend, namely Simulations 1, 6 and 10. This is probably due to the fact that
20 GP runs for each simulation are not enough to constitute a statistically significant sample.
Therefore by increasing the number of GP runs for each simulation, a more accurate trend
could be achieved. Nonetheless, the obtained results are useful to understand the extent of
the capabilities of the GP. In fact, even with an increase of 100% of the uncertainty bounds,
the GP is capable of finding four good control laws.
This success trend is also highlighted in Figure 13, where the median and standard
deviation values of the first fitness function Fit1 are shown. Here the median fitness value
increases as the uncertainty bounds increase and the smaller value is found at Simulation 0.
Moreover, the standard deviation also increases as the uncertainty bounds increase, as
expected. A different perspective of the same phenomenon is observable in Figure 14. Here
the number and magnitude of the constraints violation for each simulation are shown.
The bar plots show the number of GP runs whose best individual violated the constraints,
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for each simulation. For example, in Simulation 3, two individuals out of 20 violated the
constraints. The line plot refers to the mean value of the constraints violation for each
simulation. These results show an increase in the GP runs that violated the constraints as
the uncertainty bounds increase. Concurrently, the magnitude of constraints violation also
increases as the uncertainty bounds increases. Nonetheless, as said before, the number of
GP runs for each simulation was not enough to have a proper statistical sample.

Figure 12. Number of successful GP evaluations on each simulation.
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Figure 13. Median an standard deviations of the Fit1 values evaluated on the 20 different GP runs
for each simulation.
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Figure 14. Number of solutions that violated the constraints for each simulation and amount of the
constraints violation. The left ordinate axis refers to the bar plots which shows the number of GP
runs that violated the constraints. The right ordinate axis refers to the line plot and shows the mean
constraints violation among the 20 GP runs for each simulation.
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Individual Lengths (# of Nodes)

To have a greater insight into the produced individuals from a genotypic perspective,
the lengths of the individuals were analyzed. In Figure 15, the lengths of the successful
and unsuccessful individuals for each simulation are plotted. As said in Section 3, two
individuals were simultaneously produced in each GP run, since two control parameters
had to be found. The lengths of the α-individuals are plotted in Figure 15a and those of
the σ-individuals are depicted in Figure 15b. These lengths are represented by the green
dots for the successful individuals and the red crosses for the unsuccessful ones. On top
of these, the mean length of the successful α and σ individuals are plotted to observe
how they evolved as the magnitude of the applied uncertainties increased. From the
lengths of each particular individual found in the various simulations, it can be observed
that they vary greatly but the majority of the successful individuals are below 100 nodes.
Moreover, small successful individuals are still found also when the magnitude of the
uncertainties increases greatly. Considering the mean length of the α and σ individuals,
it can be observed that they oscillate around 50 nodes but no particular increase in the
length of the individuals is observed as the magnitude of the uncertainties increases. It was
expected to observe an increase of the length of the individuals as the uncertainties become
more severe. With GP usually the complexity of the produced models increases if the
data to fit are distributed in a more complex manner, also causing problems of overfitting.
In contrast, what was produced highlights how the IGP is capable of maintaining the mean
length of the successful individuals approximately constant even when the magnitude of
the uncertainties increases.
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(b) Sigma Individuals
Figure 15. Lengths of successful and unsuccessful individuals for each simulation. The green dots
represent the successful individuals while the red crosses the unsuccessful ones. (a) depicts the first
control parameter α, and the second control parameter σ is in (b). In (a) the continuous orange line
represents the mean values of the lengths of the successful α individuals for each simulation, while
in (b) the dashed blue line represents the mean values of the lengths of the successful σ individuals.
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The obtained results show how GP is capable of generating a good guidance control
law even when severe uncertainties in the environment and aerodynamic models are
considered. Current research directions focus more on classical approaches to generate
the guidance control law rather than using an AI technique, and not all of them are tested
considering uncertainties and/or disturbances. As an example, Zang et al. [40] propose a
guidance algorithm based on the height-range (H-R) and height-velocity (H-V) joint design
method that is able to generate online a reference trajectory. Unfortunately, the robustness
of such an approach is not tested against disturbances and/or uncertainties. Hence the
approach using GP appears to be more robust.
Another guidance control approach which does not involve AI is the one presented by
Wang et al. [41]. Their approach consists in performing an online generation and tracking
of an optimal reentry trajectory using convex optimization. Such an approach proves to
be successful in generating and tracking an optimal trajectory online even considering
disturbances. It would be interesting to compare the latter approach with the GP guidance
controller presented in this work, to understand which solution is the more robust and
versatile. Moreover, it would also be interesting to compare the effort needed to apply both
algorithms to different systems, so to understand their degree of generalizability.
6. Conclusions
In this work, a guidance control algorithm based on GP for the reentry phase of
the FESTIP-FSS5 RLV was developed. The reentry trajectory was flown in the presence
of uncertainties in the atmospheric and aerodynamic models. Eleven simulations were
performed where, starting from Simulation 1, the bounds of the uncertainty ranges were
increased progressively by 10% in each subsequent simulation, until an increase of 100%
was reached in Simulation 10. For each simulation, a total of 20 GP runs was performed
considering 20 different uncertainty profiles, for a total of 220 GP runs. The particular GP
algorithm employed is the Inclusive Genetic Programming algorithm, whose characteristic
is the ability to maintain the population’s diversity throughout the evolutionary process.
Moreover, it is also set to handle constraints and to evolve more than one GP tree simultaneously, one for each control law of the considered problem. The results show that the IGP is
capable of always producing at least one successful individual even when the uncertainty
bounds were increased 100% from their reference value. Moreover, by analyzing the size of
the produced individuals, the IGP is capable of keeping the length of the successful individuals approximately constant as the magnitude of the uncertainties increases. Meaning
that the size of the successful individuals does not become too big in order to better fit a
more complex distribution of data. Overall, the shown results demonstrate that GP can be
used successfully to generate the guidance control law of a reentry vehicle which can deal
with nonlinearities and big uncertainties in the considered models while satisfying a set of
imposed constraints.
The GP evaluation was done offline, since it is a computationally expensive process
but, as the hardware technologies improve, it will be possible to perform such operations
online so as to constitute what is defined as Intelligent Control. Such a controller would
be able to deal in real time with unforeseen disturbances and to take into account the
uncertainties in the models considered at the design phase. Future work directions would
comprehend both a development of computationally more efficient GP algorithms and
different ways to apply them. In fact, in this work the guidance control was performed but
GP could also be employed for an attitude control task.
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