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Abstract
With a new era of Moon exploration approaching, autonomy is crucial for sustaining a reliable highway of

spacecraft flying the cislunar environment. The increasing use of low-cost small platforms necessitates leveraging
natural dynamical structures, such as those revealed by the Earth–Moon, Sun-perturbed bi-circular restricted
four-body problem, to achieve efficient transfers. However, intricate gravitational dynamics and strict mission
constraints make autonomous trajectory planning and closed-loop guidance highly challenging. This work presents
a reinforcement learning framework to train an agent that corrects trans-lunar injection maneuver errors at the
Earth, thereby enabling autonomous transfers toward the L2 point region of the Earth–Moon system. The algorithm
integrates expert trajectories to guide the learning process for exterior cislunar transfers that exploit the solar
attraction. Exploration is enhanced by injecting reference training episodes, thus steering the agent toward desirable
motion paths. Simulations demonstrate that the proposed method helps automatizing spacecraft guidance from
the Earth to the lunar region, meeting operational constraints, propulsive limits, and successfully compensating
thrust errors. Overall, reference trajectory-aided reinforcement learning improves learning efficiency and reliability
in complex multi-body dynamics, advancing fully autonomous deep-space mission planning.
Keywords: Cislunar transfers, Reference trajectory-aided reinforcement learning, PPO, Autonomous guidance.

1 Introduction

Humans’ innate desire to expand their knowledge
and address unresolved scientific questions is propelling
the next era of space exploration. As a necessary first
step, the colonization of the lunar environment is piv-
otal to enabling the next generation of human missions
to remote regions of the solar system. Lunar settle-
ments and orbiting stations will serve as vital staging
point for spacecraft venturing into deep space [1]. To
lay the groundwork for this effort, numerous missions
have been recently launched in the cislunar space, such
as, Chang’e-5 [2], CAPSTONE [3], Danuri [4], Artemis
I, Chandrayaan-3 [5], SLIM [6], Chang’e-6, with many
more planned for the near future.

As the number of satellites and spacecraft transit-
ing cislunar space inevitably increases, engineers must
develop solutions to the resulting challenges to ensure
the sustainability of the forthcoming space economy. To
mention some, small-sized platforms have recently been
introduced as cost-effective solutions that balance risk
and performance [7]. Low-energy trajectories, that ex-
ploit the intrinsic chaoticity of some dynamic regimes,
are more frequently adopted to enable safe and fuel-
efficient transfers [8]. Finally, current mission concepts
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heavily relies on the human-in-the-loop supervision after
launch. Autonomous probes are opening the future to
self-reliant operations beyond Earth orbit, reducing the
need for continuous ground control and enabling more
responsive mission architectures [9].

Designing cislunar transfers is a delicate process.
The environment is inherently chaotic, resulting in a
complex phase space that prevents dynamic generaliza-
tion. However, specialized astrodynamic models can be
utilized in the early stages of mission design [10]. Sim-
plified dynamic models reveal natural structures, such
as periodic orbits and invariant manifolds, that provide
insight into specific regions of the dynamic landscape
[11]. Preliminary trajectories, generated by optimiza-
tion algorithms, are later refined into more realistic and
complex models [12, 13]. Then, after launch, the space-
craft corrects its motion to ensure that the desired path
is accurately followed. At this stage, several algorithms
and methods available in the literature allow for itera-
tive trajectory updates, ensuring effective guidance and
driving the spacecraft toward its target destination [14].

In recent years, the advent of high-performance com-
puters brought to the adoption of machine learning, or,
more in general, artificial intelligence techniques to solve
astrodynamics problems and facilitate space mission de-
sign practices [15]. Campana et al. [16] applied clus-
tering techniques to extract recurrent families of Earth–
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Fig. 1: BCR4BP model (not to scale). Non-rotating,
quasi-inertial coordinates in orange.

Moon (EM) transfers. Smith et al. [17] extracted motion
primitives to summarize dynamical structures in the cir-
cular restricted three-body problem (CR3BP). A survey
on the application of supervised learning and reinforce-
ment learning (RL) in the space sector is provided by
Shirobokov et al. [18]. Guidance and control problems
are addressed in [19–22], where RL is adopted to design
robust and efficient trajectories.

This research builds on the concepts introduced
above. After a brief background on relevant notions
in Sec. 2, a reference cislunar trajectory is designed in
the EM, Sun-perturbed bi-circular restricted four body
problem (BCR4BP), a dynamically rich astrodynamics
model that includes the solar perturbation. A transfer to
the L2 point of the EM system is formulated, given the
strategic value this location holds in space applications.
Next, in Sec. 3, a RL agent is trained to correct poten-
tial injection errors at the Earth, instantaneously and in
an autonomous fashion, ensuring the spacecraft reaches
its target despite initial deviations. During training, the
reference trajectory is provided to the agent to facilitate
learning. The advantages of adopting a trajectory-aided
RL approach are highlighted, and results are presented
and discussed in Sec. 4. Finally, Sec. 5 summarizes the
outcomes of the study and outlines future work.

2 Background

2.1 Earth–Moon, Sun-perturbed bi-circular
restricted four-body problem

In the BCR4BP, the Earth and the Moon revolve cir-
cularly around their common barycenter which, in turn,
orbits the Sun as depicted in Fig. 1. It is convenient to
formulate the equations of motion in a rotating frame
(rf) centered at the Earth–Moon barycenter, with the x

axis directed toward the Moon. In the spatial problem,

Tab. 1: Non-dimensional BCR4BP physical parameters.

Sym. Value Description
µ 1.215 066 830×10−2 mass parameter
mS 3.289 005 410×105 Sun mass
ρS 3.888 111 430×102 EM–S distance
ωS −9.251 959 850×10−1 Sun angular velocity

the non-dimensional dynamic is expressed as [23]

ẍ = 2ẏ + ∂Ω4

∂x

ÿ = −2ẋ + ∂Ω4

∂y

z̈ = ∂Ω4

∂z
,

(1)

where

Ω4 = 1
2(x2 + y2) + 1−µ

rE
+ µ

rM
+ 1

2µ(1−µ)+

+ mS

rS
− mS

ρ2
S

(
x cos(αS) + y sin(αS)

) (2)

is the effective potential and

αS = ωS(τ − τ0) + αS
∣∣
τ0

(3)

is the instantaneous Sun phase angle in the rotating
frame. The quantity ri represents the scaled distance
of the spacecraft from the ith celestial body. In this rep-
resentation, the Earth is fixed at [−µ, 0, 0], whereas the
Moon rests at [1−µ, 0, 0]. Table 1 reports the normalized
values characterizing the model.

2.2 Reinforcement learning via Proximal
Policy Optimization

RL is a goal-oriented approach to learn policies by in-
teraction with an environment and trial-and-error search
[24]. An agent, that is, the learning actor, interacts with
the environment to understand how to behave in order to
maximize the long-term reward. Specifically, at a train-
ing step t, the agent perceives, possibly partially, the
current state of the environment through the state vec-
tor st, takes an action at drawn from a policy function
π(at|st), and receives a reward signal rt(st,at; st+1) as
the result of the forward propagation of the environment
from t to t + 1. A sequence of steps, i.e., state-action
pairs, define a training episode that lasts until reaching
either a terminal state or a maximum number of steps.
Directly connected to the concept of reward, the state-
value function of a state under a policy π is the total
amount of reward an agent can expect to accumulate
over the future starting from the state itself. It is for-
mally defined as [24]

V π(st) = Eπ

[
∞∑

k=0

γkrt+k+1

]
, (4)
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where the discount factor γ = [0, 1) regulates the impor-
tance of future rewards as compared to immediate ones.
A policy whose value function is optimal, that means,
each state is assigned the largest expected return, is an
optimal policy [24].

Problems with very large state spaces that cannot
be efficiently represented by tabular descriptions require
some form of generalization. In these cases, optimal
policies cannot be found, and the goal shifts to iden-
tifying good approximate solutions that maximize value
functions. RL algorithms often leverage neural networks
(NN), which serve as universal function approximators
[25] to achieve this level of generalization and to repre-
sent the learned policies. In its basic feedforward form,
a NN is a sequence of layers, each consisting of mul-
tiple nodes, called neurons or perceptrons. Information
flows from the input layer to the output layer, potentially
passing though one or more hidden layers to enhance
complexity. Along this computational path, a neuron k

processes the signals xj coming from the previous layer
of N neurons as

yk = φ

(
N∑

j=0

wkjxj + bk

)
, (5)

where φ is a nonlinear activation function, and wkj and
bk are weights and bias, respectively, to be learned dur-
ing training. These parameters are adjusted at each it-
eration using a stochastic gradient descent optimization
algorithm based on the back-propagation of a loss func-
tion modeling the training error [26].

RL algorithms designed to solve training problems
can be broadly categorized into two principal fami-
lies: action-value and policy gradient methods [24].
In the former, the value of taking a specific action
in a given state state is learned, enabling selection of
the most promising action to maximize the cumula-
tive return. Contrarily, policy gradient methods learn
a parametrized policy directly, allowing actions to be
selected without referencing a value function. Several
algorithms exist for both categories. To solve the prob-
lem, this work adopts the Proximal Policy Optimiza-
tion (PPO) algorithm, a state-of-the-art policy gradient
method known for its effectiveness in continuous con-
trol tasks and robustness in dynamically complex envi-
ronments [24, 27]. Specifically, PPO is an actor-critic
method that simultaneously learns NN approximations
of both the policy (actor) and the value function (critic).
The actor πν(at|st) is parametrized by trainable weights
and biases ν, and the critic V π

ξ (st) by ξ. Ultimately,
the learning process terminates when the parameters
θ = [ν, ξ] have been estimated. At each learning it-
eration, a sequence of state-action-reward tuples is col-
lected from the environment using the current policy.

Then, the Generalized Advantage Function (GAE) at
an episode step t is estimated as [28]

Ât(st,at) =
∞∑

l=0

(γλ)lδt+l, (6)

with the temporal difference defined as

δt+l = rt+l(st+l,at+l; st+l+1) + γV π(st+l+1)+
− V π(st+l).

(7)

The GAE quantifies whether the taken action outper-
formed or underperformed the expected behavior of the
current policy, with the parameter λ trading off bias and
variance. Defining the probability ratio between the new
and old policies as

zt(ν) = πν (at | st)
πνold (at | st)

, (8)

the clipped objective function is expressed as [27]

LCLIP(ν) = Êt

[
min

(
ztÂt, clip (zt, 1 − ϵ, 1 + ϵ) Ât

)]
,

(9)
where the clipping parameter ϵ limits how much the new
policy can diverge from the old one in a single update.
Finally, the total PPO loss function is modeled as [27]

LPPO
t (θ) = Êt

[
LCLIP

t (ν) − c1LVF
t (ξ) + c2S[πθ](st)

]
,

(10)
where LVF

t (ξ) = (V π
ξ (st) − V targ

t )2 is a squared-error
loss that encourages learning of the true value function,
S denotes an entropy bonus to promote exploration,
and ci are coefficients tuning the relative importance of
each term. At each learning iteration, the experience
collected from the environment is used to update the
NNs parameters using a stochastic gradient descent al-
gorithm. This work employs the Adam optimizer [29].

3 Reference trajectory-aided
reinforcement learning

This section outlines the process for automatizing
spacecraft guidance using RL. First, the procedure to
generate a reference low-energy trajectory to reach the
vicinity of the Moon is presented. Then, the trajectory-
aided RL approach is introduced.

3.1 Reference trajectory design
3.1.1 Seeding trajectory generation

To simulate a realistic mission, the spacecraft is as-
sumed to target a Halo orbit about the L2 point of the
EM system [30]. As an example, a target orbit with
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Fig. 2: Seeding trajectories projected onto the Sun–Earth rotating frame. Tiles correspond to different Sun–Earth–
Moon configurations at the crossing of the EM region of prevalence (black circle). Dashed line marks lunar orbit.
Orange solution is reference for trajectory-aided RL processing.

Jacobi energy of 3.09 is chosen. Initial conditions for
this orbit in the CR3BP are estimated via a third-order
Lindstedt–Poincaré approximation. Convergence to the
desired Halo orbit is then achieved through a continua-
tion scheme based on single shooting.

Dynamical systems theory suggests that stable and
unstable invariant manifolds arise from periodic orbits
around Lagrange points [31]. These manifolds are gen-
erated by applying small perturbations along the orbits
themselves. The spacecraft shall approach the Halo orbit
from afar of the EM system. Therefore, the right stable
manifold is computed by perturbing the orbital states
along the local stable directions and back-propagating
until crossing the EM region of prevalence. This imag-
inary surface bounds the region where the dynamics of
the BCR4BP can be effectively approximated by the
CR3BP solely, thereby ignoring the solar effect.

Terminal states of each manifold trajectory are fur-
ther propagated backward in the BCR4BP. Since the
model is non-autonomous, the Sun–Earth–Moon rela-
tive configuration along the trajectory is relevant. Eight
different geometries are considered at the time the space-
craft departs backward the section by varying the solar
angle αS from 0◦ to 360◦, with an angular discretization
of 45◦. Propagation terminates either when the space-
craft reaches the vicinity of the Earth at a threshold
distance from its center of 2/3 non-dimensional units or
after a maximum propagation time of 100 days. Figure 2
reports all trajectories obtained with the mentioned pro-
cedure. Solutions are projected onto the xy plane of the

Sun–Earth rotating frame. The trajectory highlighted
in orange, selected randomly from the first family, serve
as seed to generate the reference for the trajectory-aided
RL training phase.

3.1.2 Nonlinear programming optimization

In [30], hundreds of transfers to the target Halo were
generated by optimizing the seeding trajectories shown
in Fig. 2. Given the highly sensitive nature of the dy-
namics, automating guidance over a full trajectory via
RL would be extremely challenging. For this reason,
focus is placed on the cislunar transfer phase only, disre-
garding the terminal orbital insertion phase. To deter-
mine the target state, all trajectories from [30] are sec-
tioned near their end at the xz plane, positions and ve-
locities are recorded and then averaged out. This ensures
a spacecraft reaches the vicinity of the destination Halo
orbit, so that other techniques can handle the final inser-
tion phase. The resulting target state in the EM system
is x∗ = [1.2809, 0.0, −0.1231, −0.2016, −0.3163, 0.1218].

A nonlinear programming problem is formulated to
optimize the trajectory highlighted in Fig. 2. Objective
functions and constraints are introduced to simulate a
real space mission, thereby incorporating technological
limits and operational constraints. The optimization is
carried out via direct transcription and multiple shoot-
ing [14]. After trans-lunar injection (TLI), the space-
craft is assumed to perform nm = 6 trajectory correc-
tion maneuvers (TCMs) to reach the target state. To
transcript the problem, the trajectory is sectioned into
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segments at each TCM execution point. Therefore, in-
cluding the departure point, a total of 7 nodes model the
optimization problem. Each maneuver is scheduled 14
days after the previous one to accommodate navigation
and operation routines. The objective is to minimize the
fuel expenditure for the transfer, and is modeled as

J =
nm+1∑

i=2

∥∥∆Vi

∥∥. (11)

As the TLI maneuver is assumed to be provided by the
last stage of the launcher, its cost is not included in the
loss function. Nonlinear equality and inequality con-
straints define mission requirements. Prior to TLI ma-
neuver, the spacecraft orbits a 167 km altitude circular
low Earth orbit (LEO). To prescribe a tangential depar-
ture, equality constraints

(x1 + µ)2 + (y1)2 + (z1)2 − r2
dep = 0

(x1 + µ) ẋ1 + y1 ẏ1 + z1 ż1 = 0
(12)

are introduced, with rdep representing the departing
non-dimensional distance from the center of the Earth.
Arrival at the target point is guaranteed by imposing
x7 = x∗. Ballistic continuity between adjacent nodes is
enforced on positional components by

ξipos = φ(xi, τi; τi+1)pos − xi+1pos = 0, (13)

where φ(xi, τi; τi+1)pos denotes the flow of the ith seg-
ment of the trajectory propagated in the BCR4BP dy-
namics. As TCMs are permitted, velocity within two
arcs may change instantaneously. Inequality constraints
bound each TCM magnitude to 50 m/s, with a maxi-
mum total ∆V of 200 m/s. Additional constraints pre-
vent impacting with either primary along the transfer.
After optimization, the resulting state–action sequence
becomes available for the subsequent trajectory-aided
RL training phase.

3.2 Reinforcement learning framework
In recent years, numerous studies have proposed

methodologies to facilitate optimization of action poli-
cies via behavior cloning algorithms. Learning from
demonstrations, or imitation learning, supplies expert
examples to learn suitable action policies that replicate
the demonstrated behavior. RL is subsequently em-
ployed to generalize over unseen, but related, conditions
and scenarios [32, 33]. Expert state-action pairs may
be used for pre-training of NNs, as in supervised learn-
ing. A behavior cloning loss term is then incorporated
into Eq. 10 to reward similarity between agent and ex-
pert actions [34–38]. After an introduction on the RL

environment modeling the problem of the study, the ap-
proach to inject expert actions into the learning process,
when necessary, is described.

3.2.1 Environment modeling

In RL, an agent interacts with an environment that
represents the physical scenario. At each state, an ac-
tion is drawn from a policy function, the environment is
updated, and a reward is collected. In this study, the
state is defined as a 6×1 vector of spacecraft position
and velocity components. The action is a 4×1 vector:
the first three elements specify the thrust direction, and
the last defines the magnitude of the impulse. Each ma-
neuver can generate an instantaneous velocity change
up to 70 m/s, to introduce some additional controllabil-
ity with respect to the reference trajectory. State and
action components are linearly scaled to [−1, 1], with
bounds corresponding to physical limits large enough to
properly model the problem. The environment is imple-
mented using the Gymnasium library in Python. Both
the reset and step episode phases must be defined for a
complete description of the environment.

The reset of the environment is invoked at the be-
ginning of a new training episode. The state on the
reference trajectory at LEO prior to TLI is extracted.
Then, a perturbed TLI maneuver is performed and the
resulting state is propagated for 14 days in the BCR4BP.
If, instead, an expert demonstration is requested by the
learning routine, the reference TLI impulse is applied to
the initial state, and the dynamics is propagated without
further manipulation. Position and velocity at the end
of the propagation define the state for the next phase.

In the step phase, the agent draws an action by
querying the actor network over the state information.
After rescaling to physical quantities, the maneuver is
applied, and the resulting state is propagates for 14 days.
In case the spacecraft makes a fly-by excessively close
to either primary or crosses prescribed distance bound-
aries, the propagation is halted and the episode termi-
nates. This prevents inclusion of excessively sensitive or
overly broad regions of the phase space that would hin-
der learning. If no termination occurs, the step reward
is obtained by summing individual contributions

rt = r∆V + rtarg + rdem, (14)

with
• r∆V = −0.25 ∆V/∆Vmax: fuel penalty;

• rtarg = (1/3 e−10 δ
targ
pos +3 −2)+(1/3 e−10 δ

targ
vel +3 −2):

reward closeness to the target, with δ denoting
Euclidean distance;
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• rdem = (1/8 e−8 δdem
pos +3 − 1) + (1/8 e−8 δdem

vel +3 − 1):
reward proximity to the reference trajectory.

An episode is truncated if its length exceeds the number
of steps required to fly the reference trajectory. Further-
more, an episode may terminate with:

• Success: position and velocity fall within threshold
Euclidean distances from the target state, yielding
rsuccess = 10;

• Fly-by: excessively close fly-by to either primary
triggers termination with penalty rfly-by = −10 p,
where p decreases with the number of successful
steps completed;

• Boundary crossing: the spacecraft state exceeds en-
vironment limits, incurring in rbound = −10 −10 p.

Rewards and penalties are designed to encode mission
objective and constraints, guiding the algorithm toward
a suitable policy. A local exponential moving average is
used to normalize rewards, thus stabilizing the training.

3.2.2 Reference trajectory injection

This work adopts imitation learning to facilitate the
training of an agent. Although conceptually similar to
the studies presented at the beginning of the section,
the method introduced here differs substantially. The
primary objective is autonomous guidance to compen-
sate for injection errors at the Earth, thereby ensuring
minimum deviation from the planned path. Since a sin-
gle reference trajectory is considered, only few expert
state-action pairs exist, preventing pre-training of net-
works in a supervised manner. The implemented ap-
proach is based on the injection of a reference trajectory
every fixed number of training episodes. At those in-
stances, the agent interacts with an expert teacher by
querying the appropriate action for the observed state:
the teacher takes control over the agent, applies reference
state-action pairs until episode completion, and then re-
leases control back to the agent to continue sampling
from the environment. This on-demand knowledge in-
jection fosters learning in chaotic and sensitive environ-
ments, effectively restricting exploration to regions of
the search space relevant to accomplish the task.

The open-source Python library RLlib from Ray en-
ables experimenting with RL algorithms for both aca-
demic and industrial applications. Its architecture sup-
ports experimenting, rapid prototyping, and customiza-
tion. For these reasons, the PPO algorithm implemented
in RLlib is employed in this research for agent training.
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Fig. 3: Seeding trajectory in orange, reference transfer
in black, target Halo in green. Colorful dots are TCMs.

Whenever an expert demonstration is initiated at
reset time, the teacher assumes control: actions are ex-
tracted from the expert dataset rather than being drawn
from statistical properties generated by the actor net-
work. As expected, such expert-driven episodes conclude
successfully. During training, maintaining a balance
between expert demonstrations and random episodes
is critical. Excessive reliance on reference trajectories
risks bias and overfitting, hindering generalization to un-
seen initial conditions. Conversely, without guidance,
the chaotic and highly sensitive dynamics would render
learning impractical, since exploration would cover vast,
unproductive regions without assistance.

4 Agent training and results

The method outlined in Sec. 3.1.2 is now applied
to design a baseline transfer to the L2 point of the EM
system. Subsequently, the reference trajectory-aided RL
technique developed Sec. 3.2 is adopted to train the con-
trol agent. A robustness analysis concludes the section.

4.1 Demonstration trajectory generation

Trajectory highlighted in Fig. 2 is optimized through
direct transcription and multiple shooting. Figure 3
shows in black the resulting demonstration trajectory
that is used to guide the training process. After TLI,
the spacecraft follows a first ballistic, uncontrolled arc
(dashed curve). It then executes a sequence of impul-
sive maneuvers until reaching the target state in prox-
imity of the Halo orbit. In total, the spacecraft requires
a cumulative ∆V of 200 m/s.
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Fig. 4: Propagation of trajectories. Trajectories with
perturbed TLI are shown from black to gray as propaga-
tion time progresses. Uncontrolled reference trajectory
with nominal TLI in red.

4.2 Training and testing

4.2.1 Trans-lunar injection error

TLI errors are injected to mimic a realistic space mis-
sion. In particular, three sources of error are introduced
when initializing each training episode.

Execution time error: since the model is non-
autonomous, the departure epoch is relevant. The refer-
ence departure time, defining the Sun–Earth–Moon rel-
ative geometry, can vary by up to 15 minutes (3σ);

Direction error: TLI maneuvers are subject to point-
ing uncertainty. A three-dimensional cone of semi-
aperture 0.1◦ (3σ) around the nominal thrust direction is
defined to model TLI alignment errors. Passage through
the quasi-inertial frame centered at the Earth is neces-
sary to introduce the error.

Magnitude error: TLI burns also exhibit magnitude
uncertainty. The reference TLI ∆V is perturbed with
a standard deviation of 10 m/s (3σ). Again, passage
through the quasi-inertial frame centered at the Earth
is necessary to introduce the error.

Figure 4 reproduces several examples of ballistic tra-
jectories obtained by perturbing the reference TLI ma-
neuver and propagating for the nominal transfer dura-
tion. As the figure illustrates, sensitive dependence on
initial conditions causes the perturbed trajectories to di-
verge rapidly, retaining similar geometries only during
the early phase (dark sections). The red trajectory, rep-
resenting the ballistic propagation of the reference path
after nominal TLI, confirms that active control is re-
quired to ensure the spacecraft reaches the target region.

Tab. 2: PPO hyperparameters and NNs structure.

Parameter Value
N◦ training iterations 1e4
Batch size 4096
Minibatch size 64
N◦ epochs per batch 3
Initial learning rate 3e-5
Final learning rate 3e-6
Discount factor (γ) 0.9
GAE factor (λ) 0.8
Value function loss coeff. (c1) 1
Initial entropy coeff. (c2,i) 1e-3
Final entropy coeff. (c2,f ) 1e-4
Clip parameter (ϵ) 1e-1
N◦ actor NN hidden layers 2
N◦ actor NN neurons per layer 128
Actor hidden layers activation function ReLU
Actor output layer activation function tanh
N◦ critic NN hidden layers 2
N◦ critic NN neurons per layer 256
Critic hidden layers activation function ReLU
Critic output layer activation function linear

4.2.2 Training

Once the demonstration trajectory, that is, the
expert state-action pairs, is available, the reference
trajectory-aided RL training begins. A successful train-
ing hinges on several factors: the design of a reward
function that steers the learning process toward the most
relevant regions of the search space; the careful tuning
of PPO hyperparameters; and a well-structured NN ar-
chitecture. In practice, an iterative approach is required
to identify and adjust all variables affecting training. To
assist with hyperparameter selection, one can employ li-
braries that use autonomous search strategies, such as
Bayesian optimization, to propose candidate values. Af-
ter exhaustive tuning guided by the outcomes of multi-
ple training campaigns, Table 2 presents the configura-
tion yielding to the best outcome. Difficulties emerged
during training owing to very short episode length (the
maximum number of steps before termination is nm − 1,
since the final maneuver necessary to achieve the ter-
minal state does not generate a training step) and ex-
treme sensitivity of the underlying dynamics. As a re-
sult, careful tuning of hyperparameters is required to
mitigate high variance and poor generalization. More-
over, as noted in Sec. 3.2.2, a balance between random
episodes and episodes fed with demonstrations must be
attained. In this scenario, it results that injecting the
reference trajectory once every 50 episodes significantly
improves training quality. In contrast, the chaoticity
of the dynamics and the large state-action space pre-
clude learning if excluding demonstrations entirely, as
observed in other training campaigns.
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Fig. 5: Examples of controlled motion after policy train-
ing. Successful and faulted trajectories in green and red
(darker to lighter), respectively. Intermediate TCMs in
blue (last maneuvers colored following episode outcome).

4.3 Testing

After training, the autonomous control agent is
tested over 1000 random initializations of the environ-
ment. In 83% of the cases, episodes terminate at the des-
ignated target region. None of the trajectories crosses
environment boundaries, which would correspond to
leaving the EM system. 12% of the training episodes
end because the spacecraft approaches too close to either
the Earth or the Moon, and the remaining 5% reach the
maximum number of steps.

Figure 5 reproduces 100 trials using the trained
agent. Most trajectories reach the target state close
the L2 point of the EM system within the prescribed
tolerances. Others fail to control and wander through
the cislunar space until episodes terminate either due to
close passages to a primary, or by reaching the maximum
number of steps. Examining the early segments of the
trajectories in Fig. 5, the TLI direction accuracy results
to strongly affect controllability: a wide pointing cone
error can place the spacecraft in conditions from which
the policy cannot recover, whether because of control
authority limits or suboptimal hyperparameter tuning.

Figure 6 shows the distribution of TCMs costs across
100 successful random trials. The first two maneuvers
and the fifth one incur the highest ∆V , in agreement with
the reference trajectory in Fig. 3. This evidences the
influence the injection of a demonstration has in steering
the training process and in impacting its final quality.

4.3.1 Robustness of guidance policy

To test the robustness of the guidance policy, con-
trol errors are injected into the environment on top of
the actions determined by the agent. Five test cam-
paigns, each comprising 1000 episodes, are performed,
perturbing a different TCM in each case while leaving
the others unaltered. Perturbed actions are subject to
magnitude uncertainty with a dispersion of 10% (3σ)
relative to their policy-generated values. Results show
that performance remains virtually unchanged when er-
rors are injected at any TCM except the fifth. In that
case, the success rate slightly decreases since errors in
the final impulse cannot be compensated by subsequent
maneuvers, as they can instead for the other burns.

5 Conclusions

The lunar environment is foreseen to play a strategic
role in the next generation of space exploration. Engi-
neers and scientists are developing technologies to reduce
overall mission design costs, making access to space more
affordable and efficient. Although innovative produc-
tion processes, standardized components, reduced scale
spacecraft, and efficient trajectories have yielded sig-
nificant gains, post-launch operational expenses remain
largely unchanged. Consequently, autonomous systems
are essential to alleviate ground-control workloads, in-
crease launch cadence, and maximize both scientific and
economic returns.

This study presents a method to correct potential
injection errors at the Earth for transfers heading to
the vicinity of the Moon. Dynamical systems theory
notions are exploited to generate a seeding trajectory.
Then, a nonlinear programming problem is formulated
to obtain a multi-impulse transfer that meets mission
constraints. A reference trajectory-aided reinforcement
learning framework is conceptualized to train an agent
that, following a perturbed trans-lunar injection burn,
instantaneously re-plans the path and safely reaches the
target state in an autonomous fashion.

Results demonstrate that the proposed approach
yields a control policy capable of autonomous guidance
in highly sensitive dynamical environments. Injecting
a reference demonstration during training substantially
improves learning; without it, the chaotic dynamics and
vast search space inhibit policy convergence. Further-
more, robustness of the learned guidance policy has been
validated by introducing additional control errors to the
actions determined by the agent at evaluation time.
Spacecraft operators could leverage this technique to
streamline guidance operations, thereby reducing both
cost and complexity.
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