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Abstract—Model Predictive Control (MPC) is a powerful
control strategy, but its performance is highly dependent on
the accuracy of the predictive model and can be limited by
significant computational complexity. These limitations become
critical in spacecraft proximity operations around small bodies,
where the environment is complex and uncertain. To address
these issues, this paper proposes a hybrid control framework
that integrates a Transformer-based neural network with MPC.
The neural network is employed as a surrogate dynamical model,
while MPC ensures stability and optimality in control generation
through the explicit handling of constraints and uncertainties.
The Transformer architecture demonstrates sufficient expressive
capability to accurately capture spacecraft dynamics in the
vicinity of the reference trajectory, while its parallel computation
capabilities enable a significant reduction in computational time
compared to traditional nonlinear MPC (NMPC) approaches.
Moreover, the proposed framework supports online learning of
the system dynamics, allowing real-time adaptation to environ-
mental perturbations and modeling errors. Extensive numerical
simulations and Processor-in-the-Loop (PIL) experiments are
conducted to validate the proposed approach, demonstrating its
effectiveness and potential for enabling autonomous spacecraft
operations in close proximity to small bodies.

Index Terms—Model Predictive Control, Deep Learning,
Transformer, Online Learning

I. INTRODUCTION

Small-body proximity operations represent some of the
most challenging scenarios in spacecraft guidance and control.
These missions are conducted in highly uncertain and complex
environments, characterized by irregular gravitational fields,
poorly known physical parameters, and significant external
disturbances. In this context, Model Predictive Control (MPC)
represents a suitable approach for trajectory tracking, as it
enables the handling of nonlinear dynamics, state and con-
trol constraints, and real-time adaptation of control inputs
through the repeated solution of an optimal control problem
[1]. However, MPC performance strongly depends on the
accuracy of the underlying predictive model and is sensitive
to unmodeled dynamics and parameter uncertainties. More-
over, the computational burden associated with solving an
optimization problem at each control step limits its applica-
bility on resource-constrained platforms such as CubeSats. To
overcome these limitations, this work explores the integration
of deep learning within an MPC-based control scheme. Deep
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neural networks offer an efficient representation of the highly
nonlinear and uncertain dynamics typical of small-body envi-
ronments, while online learning capabilities allow continuous
adaptation as new data become available [2]. More recently,
increasing attention has been devoted to Transformer-based
architectures, which represent a paradigm shift compared
to traditional sequential models such as Recurrent Neural
Networks (RNNs) and Long Short-Term Memory (LSTM)
networks. Unlike these approaches, Transformers eliminate re-
currence by leveraging self-attention mechanisms. This allows
all elements of a sequence to interact simultaneously, enabling
the model to capture long-range dependencies more effectively
while significantly improving computational parallelism. In
the context of MPC, recent studies have explored the use
of Transformers as surrogate models for system dynamics,
demonstrating advantages in multi-step prediction accuracy
and computational efficiency compared to LSTM-based ap-
proaches [3], [4]. Furthermore, in the field of spacecraft
guidance and control, several works have recently investigated
Transformer architectures for trajectory generation, showing
promising results [5], [6]. This paper positions itself within this
research direction, with a specific focus on spacecraft control,
by investigating the integration of a Transformer-based neural
network within an MPC framework for small-body proximity
operations. The objective is to assess whether the representa-
tional power and parallel structure of Transformers can match
the accuracy of traditional nonlinear MPC (NMPC) in such
environments while improving computational efficiency, and
to evaluate the associated advantages and limitations.

II. METHODOLOGY

A. Dynamic models

To test and validate the proposed control algorithm, a
representative model of the asteroid environment is required.
A polyhedral gravity approach is therefore adopted, enabling
accurate computation of the gravitational potential of irregu-
larly shaped small bodies [8]. The analysis focuses on asteroid
433 Eros, a near-Earth asteroid extensively characterized by
the NEAR Shoemaker mission, whose elongated and irregular
shape results in strongly nonlinear gravitational dynamics [9].
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Fig. 1: Transformer-based neural network architecture.

The spacecraft translational dynamics [10], expressed in the
asteroid body-fixed frame 7, = span{b, bs, b3}, is given by:

F=ag(r) 2w Xxr—wx (wxr), (1)

where w denotes the constant asteroid angular velocity vector
and ag(r) is the gravitational acceleration computed via the
polyhedral gravity model. In this work, only gravitational
effects are considered, while additional perturbations are left
to future developments. Two dynamical representations of
asteroid Eros are considered:

« High-Fidelity (HF) Model: The HF model is used to
simulate the true spacecraft dynamics. It employs the real
Eros asteroid physical parameters together with a detailed
polyhedral shape mesh composed of 498 triangular facets,
derived from NEAR Shoemaker mission data [11].

o Low-Fidelity (LF) Model: The LF model represents a
simplified, pre-mission description of the asteroid en-
vironment and is adopted during the neural network
training phase to emulate imperfect prior knowledge. Its
parameters are obtained by perturbing the true values
according to Table 1. The spin-axis orientation is defined
by two angles (tilt and azimuth), which describe the
inclination of the rotation axis with respect to the asteroid
principal axis of inertia bg.

TABLE I: LF model asteroid parameters

LF Model Variation
+10% — pLF = 2937 kg/m?
Angular velocity 2 +1% — Qrr = 3.35 x 10~ % rad/s
Spin axis orientation tilt = 3°, azimuth = 0°
Asteroid mesh facets 98

Parameter
Density p

B. Neural network architecture

The proposed architecture for onboard trajectory prediction
builds upon [12], with modifications in the input representation
and activation functions. The network predicts the spacecraft
trajectory over a finite horizon by mapping the initial state
and a sequence of control inputs to the corresponding future
states. The input is represented as a sequence of tokens of
length T, corresponding to the number of discrete time instants
within the prediction horizon. Each token is constructed by
concatenating the initial state xo € R® with the control input

u; € R3 at time step i, representing an impulsive velocity
increment:
ZiZ[XoHui], ’L:O,,T—l (2)
The network outputs state increments Ax;, from which the
full trajectory is reconstructed recursively as
Xk+1:Xk+AXk, k=0,....,T —1. 3)
Unlike conventional autoregressive  encoder—decoder
Transformers, the proposed architecture employs a non-
autoregressive decoder, enabling simultaneous prediction
across all time steps. As illustrated in Fig. 1, the decoder
receives a latent embedding generated by an initial multilayer
perceptron (MLP), together with the memory matrix produced
by the encoder. Both the encoder and decoder follow the
standard Transformer architecture introduced in [7]. To ensure
stable training and well-behaved gradients, the Gaussian Error
Linear Unit (GELU) activation function is employed
throughout the network, avoiding non-smooth activations
such as ReLU [13]. Positional encodings are added to the
token embeddings to preserve temporal ordering, following
[7]. Table II reports the neural network hyperparameters used
to obtain the results presented in this work.

TABLE II: Neural network hyperparameters

NN Hyperparameters
Input Dimension [1,15,6]
Embedding Size 512
Transformer Blocks (V) 2
Attention Heads 8
MLP Hidden Size 2048
Output Dimension [1,15, 6]

C. Neural network loss function

The adopted loss function enforces both local one-step pre-
diction accuracy and global consistency of the reconstructed
trajectory over a prediction horizon of length L. The system
state is defined as x = [p,v]’ € RS, where p € R?® and
v € R3 denote position and velocity, respectively. At each time
step ¢ € {1,...,L}, the network predicts a state increment
AX; approximating the true variation Ax; = x; —x;_1. Local



prediction accuracy is enforced through a weighted mean
squared error on the predicted state increments:

L
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A linearly decaying weighting scheme is adopted to emphasize
early prediction steps. To limit long-term drift, the predicted
increments are integrated to reconstruct the trajectory, which
is then used to define the global loss component:

Xi =%+ » A%, (5)
j=1
1 L
Lo = 7 D (llbi = pill3 + X[ = vill3) . (©)
=1

The overall data-driven objective is finally defined as

Ldata = OK[,A + ﬂ‘ctrajv a, /8 > Oa (7)
where o and (3 balance short-term accuracy and long-term
consistency.

D. Dataset generation

Since the proposed framework relies on supervised learning,
a representative training dataset is required. To this end, a
synthetic dataset of fixed-length spacecraft trajectory segments
(windows) around the irregular small body is generated, start-
ing from the reference trajectory to be tracked. A set of states
is first extracted from the nominal path and then perturbed to
define the initial conditions of the trajectory windows. These
initial states are subsequently propagated by applying small
randomized control inputs. Initial perturbations are sampled
from bounded uniform distributions to ensure that all trajecto-
ries remain close to, but not coincident with, the reference
orbit, while random impulsive velocity increments emulate
realistic control actions. To guarantee physical consistency,
a rejection-sampling strategy is employed: trajectory samples
are discarded if they deviate excessively from the reference
path, exceeding a prescribed displacement threshold. This
ensures that the dataset contains only dynamically feasible
trajectories representative of local proximity operations around
the nominal orbit. All valid trajectories are expressed in
the asteroid body-fixed reference frame and normalized into
non-dimensional units to improve numerical stability during
training. Each dataset sample therefore consists of:

e a spacecraft trajectory window, including position and
velocity vectors over the selected time horizon;

« the corresponding control input sequence applied over the
same interval.

The training dataset is generated using the LF dynamical
model, reflecting the limited and uncertain knowledge avail-
able during the pre-mission phase.

E. MPC implementation

The nonlinear MPC controller embedding the proposed
neural network (NN) is implemented following a standard
implicit MPC formulation [1]. An important advantage of
integrating the NN within the MPC framework is that the
resulting objective function is fully differentiable with respect
to the control sequence. This property enables the use of
automatic differentiation to compute exact gradients, which
are directly supplied to the optimizer. Regarding constraint
handling, the nonlinear MPC problem enforces only bound
constraints on the optimization variables, reflecting actuator
limitations. The resulting nonlinear programming problem
is solved using IPOPT (Interior Point OPTimizer) [14], a
widely adopted open-source solver for nonlinear optimization
based on a primal-dual interior-point method. To provide a
meaningful benchmark, a linear time-invariant (LTI) MPC and
a conventional nonlinear MPC (NMPC) controller are also
implemented for comparison. In the latter case, the predictive
model is directly based on the nonlinear dynamics described
in Eq. 1, which are numerically integrated within the optimiza-
tion routine. The physical parameters and the gravitational
acceleration model correspond to those of the LF model
introduced in Section II-A. Regarding gradient computation, in
the standard NMPC the gradients are also evaluated using the
PyTorch automatic differentiation framework. Table III reports
the MPC settings used for the two testing scenarios presented
in Section III-A.

TABLE III: MPC settings

MPC Parameters
Scenario 1 | Scenario 2

Sampling Time 7’ 5 min 1 min
Prediction Horizon N, 80 min 16 min
Control Horizon N, 80 min 16 min

Weight Matrices
State Error Weight (Qpos / Qvel) 0.1/0.15
Control Weight R 5x 10~7
Terminal State Weight (Zpos / Zyel) 0.1/0.15

F. Online learning

The proposed control framework incorporates an online
learning mechanism that enables the neural network predictor
to adapt to discrepancies between the modelled dynamics
and the actual system behavior observed during execution. To
enable this adaptation, a dataset is constructed online during
closed-loop operation. The applied control inputs, together
with the measured spacecraft states, are recorded to construct
short trajectory segments over a fixed time horizon. These
segments are used as supervised training data for the on-
line refinement of the neural network model. The learning
procedure follows the same formulation adopted during the
offline phase; however, the loss function is evaluated based
on the prediction error between the actual trajectory and
the one predicted by the network over the same horizon.
To ensure closed-loop stability, online learning is activated
only after an initial transient phase, allowing a sufficient
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Fig. 2: Control algorithm and online learning schematics.

amount of data to be collected and preventing premature
model updates. The collected data are stored in a finite buffer
that retains only the most recent trajectory windows while
discarding older samples, thereby bounding memory usage
and supporting onboard implementation. Once enabled, model
adaptation is performed periodically at fixed time intervals
rather than continuously, further reducing the computational
burden. At each update, only the parameters of the final
MLP layer are refined through a limited number of gradient-
based optimization steps using mini-batches sampled from the
buffer. This design choice significantly reduces computational
complexity and is supported by empirical evidence showing
no substantial performance improvement when updating the
entire network online.

Moreover, to further guide the online learning process
toward physically consistent solutions, this work investigates
the inclusion of a physics-informed term within the online
loss function. By embedding prior knowledge of the system
dynamics into the learning objective, the network is encour-
aged to generate predictions that remain consistent with the
underlying laws of motion [15]. To this end, the spacecraft
translational dynamics in the rotating body-fixed frame can be
rewritten as:

Fa —ag(r) + 2w X T+ w X (W Xr) =dres,  (8)

where the residual vector d,.s quantifies the violation of the
translational dynamics and, therefore, in the absence of mod-
elling errors, should ideally vanish. The physics-informed term
is constructed by computing these residuals and penalizing
their magnitude within the online learning loss function. In
this formulation, the position r and velocity 1 are obtained
from the network state predictions. The term ¥¢q denotes
a finite-difference approximation of the acceleration in the
asteroid body frame, computed from the predicted velocities,
while ag(r) represents the gravitational acceleration evaluated
via a truncated spherical harmonics expansion [8], [16]. It is
important to note that key dynamical parameters, such as the
asteroid density p, angular velocity w, spin-axis orientation,

and the coefficients defining the gravitational potential, are
initially estimated on ground with limited accuracy. There-
fore, prior to enforcing the physics-informed constraint on
the network predictions, these parameters are refined through
online estimation. To this end, the dynamical parameters are
treated as trainable variables and optimized by minimizing
the same physics-based residuals in (8), computed using state
measurements stored in the buffer memory rather than network
predictions.

G. Experimental set-up (PIL)

Processor-in-the-Loop (PIL) simulations are performed to
assess the performance of the proposed algorithm on hardware
representative of onboard computational constraints [17]. In
this context, two computational platforms are considered and
their performance is compared, with particular focus on the
degradation in execution time when transitioning from a
general-purpose computing platform to the more representative
onboard hardware.

« Laptop:
— Intel Core i5-12500H (12th Generation, 2.50 GHz),

- 16 GB RAM,
— NVIDIA GeForce RTX 3050 Laptop GPU (4 GB).

e NVIDIA Jetson Orin Nano:

— 6-core ARM Cortex-A78AE CPU,

— 8 GB LPDDRS5 memory,

— NVIDIA Ampere GPU (1024 CUDA cores, 32
Tensor Cores).

Although not space-qualified, the NVIDIA Jetson Orin
Nano exhibits computational architecture comparable to
emerging onboard processors for Al-driven autonomy.
NVIDIA Jetson—class hardware is already being adopted in
current and planned space missions, suggesting that similar
technologies may play a key role in future autonomous appli-
cations, including proximity operations around small bodies.
Specifically, during PIL experiments, the Jetson hosts the com-
plete onboard control algorithm implemented in Python, while
the laptop executes the high-fidelity environment model. The
latter propagates the spacecraft dynamics, applies the control
inputs computed by the Jetson, and returns the resulting system
state. On the onboard platform, the optimization routine is
executed on the CPU, whereas the evaluation of the cost
function and its gradients is accelerated on the GPU.

III. RESULTS
A. Testing scenarios

For the testing of this algorithm, two different scenarios
were considered, as described below.

o Scenario 1: a quasi-periodic orbit around the asteroid,
computed using the LF, is considered as the reference
trajectory. Due to the discrepancies between the LF and
HF models, when the spacecraft is deployed in the real
environment (HF), the reference orbit is not maintained
without active control. A sampling time of 5 minutes is
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Fig. 3: Reference orbits considered in the MPC simulations.

adopted, together with a prediction horizon of 16 time
steps, corresponding to approximately 1.3 hours.

o Scenario 2: a circular orbit around the asteroid, lying on
the yz plane. In this case a prediction horizon with a lower
length has been considered. A sampling time of 1 minute
and a prediction horizon of 16 time steps are adopted,
corresponding to a total horizon length of 16 minutes.

B. Net training

This section reports the results obtained after training the
neural network, with specific reference to the model employed
in Scenario 1. Two distinct datasets are used: a training dataset
consisting of 100,000 trajectories and a validation dataset
composed of 20,000 trajectories. Performance is assessed
in terms of the Root Mean Square Error (RMSE) of the
predicted position and velocity, computed with respect to the
corresponding ground-truth trajectories. The RMSE provides
a quantitative measure of the average prediction accuracy over
the considered prediction horizon. For this scenario, the mean
position RMSE is 15.350 m, while the mean velocity RMSE
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Fig. 4: Best (top row) and worst (bottom row) trajectory
approximations produced by the neural network (scenario 1).
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Fig. 5: Distribution of position and velocity RMSE over the
test dataset.

is 0.0128 m/s. Fig. 5 illustrates the distributions of the position
and velocity RMSE. As shown, the majority of the trajectories
exhibit low prediction errors, while large errors are confined
to a limited number of cases in the distribution tails. This
indicates that high prediction errors occur only in a small
subset of test scenarios and do not significantly affect the
overall performance of the model.

C. MPC simulations

This section presents the results in terms of orbit tracking
accuracy and fuel efficiency obtained by testing the proposed
control framework in two operational scenarios. The results
refer to the neural network model trained offline, in order to
evaluate tracking performance when the controller relies on a
model affected by ground-based modeling inaccuracies. The
performance metrics adopted in the following analyses, Ab-
solute Position Error (APE) and Mean Position Error (MPE),
are defined as follows:

APEp(ti) = ||rrer(ti) — r(ti)HQ )

1
MPE,(t;) = o > APE,(t)) (10)

JEW;

The moving horizon W; is defined as a centered sliding
temporal window around time ¢;, spanning Ny, = 100 discrete
time steps. The integration of the neural network within the
MPC framework leads to a significant improvement in tracking
accuracy compared to the linear MPC case, as shown in
Fig. 6a. This result is consistent with the ability of the neural
network to accurately approximate the nonlinear dynamics
of the asteroid. In addition, the proposed approach achieves
a substantial reduction in fuel consumption, as illustrated
in Fig. 6b. A comparison in terms of computational time
and control performance between the neural network-based
MPC and a standard NMPC is also performed. The results
for Scenario 1, considering a zero tilt angle, are reported in
Table IV.

TABLE IV: Comparison of computational performance and
tracking accuracy

Controller Average Time (Optimization) [s] | MPE [m]
NN-MPC 0.826 13.502
Standard NMPC 28.498 12.750
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Fig. 6: Tracking performance and fuel consumption compari-
son for scenario 1.

The minimal difference observed in the MPE confirms the
capability of the neural network to accurately capture the
system dynamics, while providing a significant improvement
in computational efficiency. A sensitivity analysis is conducted
to assess the impact of errors in the ground-based estimation
of key dynamical parameters, namely the asteroid density
p, angular velocity w, and spin-axis orientation. The results
indicate that the dominant source of performance degradation
is the angular mismatch between the assumed and true
spin-axis orientation. When this uncertainty is removed,
the controller achieves, in Scenario 1, an MPE of 13.5 m.
Finally, robustness is assessed through a Monte Carlo analysis
comprising 1500 randomized scenarios.

TABLE V: Parameters variations in the Monte Carlo analysis

Parameter
Density p

Angular velocity €2
Spin-axis tilt
Spin-axis azimuth

Range
+30% — [2055.9, 3818.1] kg/m?
+5% — [3.18, 3.51] x 10~ rad/s
[0, 6] deg
[0, 360] deg
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Fig. 7: Tracking error comparison (scenario 2).

The uncertainty bounds adopted for the sampled parameters
are summarized in Table V, with all parameters drawn from
uniform distributions. The reported percentage variations are
defined with respect to the nominal parameters of the LF
model. The selected uncertainty ranges are consistent with
the pre-mission knowledge that was available for small bodies
such as Vesta, Bennu, and Eros prior to their respective explo-
ration missions (e.g., [18]-[20]). The corresponding statistical
results are reported in Table VI.

TABLE VI: Monte Carlo results

Metric
Mean Position Error
Mean Velocity Error

Mean + Std
65.73 £27.12 m
(6.48 £2.84) x 102 m/s

In scenario 2, the neural-network-based controller still
achieves improved tracking accuracy with respect to the
linear MPC (Fig. 7), while maintaining a comparable fuel
consumption. However, the relative performance gain is less
pronounced than in Scenario 1. This behavior can be attributed
to the shorter prediction horizon and smaller sampling time
adopted in this scenario. Under these conditions, the neural
network predictions are closer to those obtained with the linear
model, and the reduced time step allows the controller to react
more promptly to deviations, mitigating tracking errors even
in the presence of less accurate predictions.

D. Online learning

1) Data-driven learning: The simulations presented in this
section consider a circular reference orbit whose initial state
coincides with that adopted in scenario 1. The neural network
is initially trained offline using the LF asteroid dynamical
model. Fig. 8 illustrates the evolution of the reference orbit
tracking accuracy during the online learning phase. The online
refinement process is activated at ¢ = 1250 min, allowing
sufficient time for the buffer memory to accumulate repre-
sentative trajectory data. To prevent degradation of control
performance, an early-stopping mechanism is introduced. Dur-
ing online learning, the MPE is continuously evaluated based
on the discrepancy between the reference trajectory and the
actual spacecraft trajectory. If the MPE does not decrease
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for a prescribed number of consecutive time steps, the online
learning process is halted. This strategy mitigates overfitting
to recent data and ensures stable closed-loop behavior. As
a result, the MPE is reduced from 60.26 m when using
the offline-trained network to 34.22 m after online learning,
together with a noticeable reduction in error oscillations. The
benefits of online learning become increasingly pronounced
as the mismatch between the on-ground model and the true
environment grows. In particular, when considering a 40%
mismatch in the asteroid density p, a 6% mismatch in the
angular velocity {2, and a spin-axis tilt error of 6°, the MPE
is reduced from 156 m to 72 m.

2) Physics-informed learning: To evaluate the impact of
augmenting the online learning loss function with a physics-
informed term, a test case characterized by a significant mis-
match between the asteroid dynamical parameters estimated
on ground and their true values is considered. Specifically,
a 50% reduction in the asteroid density p, a 10% reduction
in the angular velocity €2, and a 12° error in the spin-axis
tilt are introduced. During the initial phase of the simulation,
up to ¢ = 1250 min, online estimation of the dynamical
parameters is performed using the approach described in
Section II-F. In this preliminary assessment, the coefficients
of the spherical harmonic expansion used to approximate
the gravitational potential are assumed to be known. Once
parameter refinement is completed, online learning of the
neural network is activated. As shown in Fig. 9, the inclusion
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Fig. 9: Trajectory tracking error comparison during online
learning with and without physics-informed loss.

of the physics-informed loss term has a stabilizing effect on
the online refinement process, enabling the controller to reach
the same final MPE as the purely data-driven approach, while
achieving a faster convergence rate. These results are obtained
through a careful tuning of the relative weights associated with
the data-driven and physics-informed loss components. Further
work is required to improve the robustness of this approach
and to systematically assess its benefits.

E. Processor-in-the-Loop (PIL)

For the results reported in Table VII, the reference trajectory
considered is a circular reference orbit whose initial state
coincides with that adopted in scenario 1. In this set of
experiments, the online learning procedure employs only the
data-driven loss component. To clearly characterize the com-
putational performance of the proposed control algorithm, the
execution time is analyzed by decomposing the algorithm into
three main components: neural network inference, solution of
the optimization problem, and online training of the neural
network.

TABLE VII: Algorithm execution times (PIL)

Execution Time [ms] Laptop NVIDIA Jetson
NN Inf Mean: 3.255 Mean: 12.704
nlerence Max: 40.308 Max: 62.226

Mean: 1063.220
Max: 3416.868
Mean: 181.178
Max: 265.413

Mean: 3576.211
Max: 8508.476
Mean: 469.040
Max: 750.569

Optimization

Online NN Training

The duty cycle was evaluated from the mean execution time
of two configurations of the control algorithm: optimization
only and optimization combined with online neural network
learning. The considered scenario features a control task period
of 5 minutes, over which the duty cycle is defined. An
execution time threshold of 10% of the task period is assumed
as an acceptable upper bound for on-board feasibility.

TABLE VIII: Duty cycle of the control algorithm executed on
the NVIDIA Jetson

Task Duty Cycle [%]
Optimization 1.19
Optimization + Online Learning 1.35

IV. CONCLUSIONS

This work presented a hybrid control framework that com-
bines a Transformer-based neural network architecture with
Model Predictive Control to enable autonomous spacecraft
proximity operations around small bodies. The neural network
has been shown to effectively capture the complex gravita-
tional dynamics of the asteroid and to reliably predict future
spacecraft trajectories given the initial state and applied control
inputs. It is worth noting that this capability is demonstrated in
the vicinity of a reference orbit. Future studies should extend
the analysis to more complex reference trajectories and a wider
range of operational regimes. By leveraging the neural network



as a surrogate dynamics model within the MPC framework, the
proposed approach achieves improved orbit tracking accuracy
and fuel efficiency compared to a linear MPC baseline, as ex-
pected given the enhanced modeling fidelity. At the same time,
it provides comparable tracking performance to a classical
nonlinear MPC, while significantly reducing the computational
burden, since the latter requires repeated integration of a
complex nonlinear motion equations within the optimizer. The
advantages of the proposed framework are mainly evident
for sufficiently large prediction horizons and sampling times;
when these are significantly reduced, the discrepancy between
linear and nonlinear models becomes less pronounced, and
the increased controller reactivity mitigates modeling errors.
The online refinement of the neural network further enhances
control performance, particularly in the presence of signif-
icant mismatches between the on-ground dynamical model
and the true small-body environment. The introduction of
a physics-informed term within the online learning process
shows promising potential to guide training and accelerate
convergence, especially under large parameter uncertainties.
However, the current implementation is not yet fully robust,
as the contribution of the physics-informed component must be
carefully weighted to avoid degrading learning performance.
Further investigation is therefore required to improve the
stability and reliability of this approach. Finally, Processor-
in-the-Loop experiments indicate that the proposed framework
does not incur a significant degradation in execution time, sup-
porting its suitability for onboard implementation on resource-
constrained platforms.
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