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Attitude control

Attitude control is a fundamental aspect of spacecraft operations. Model Predictive Control (MPC) has emerged
as a powerful strategy for these tasks, relying on accurate models of the system dynamics to optimize control
actions over a prediction horizon. In scenarios where physics models are incomplete, difficult to derive, or
computationally expensive, machine learning offers a flexible alternative by learning the system behavior
directly from data. However, purely data-driven models often struggle with generalization and stability,
especially when applied to inputs outside their training domain. To address these limitations, we investigate
the benefits of incorporating Physics-Informed Neural Networks (PINNs) into the learning of spacecraft attitude
dynamics, comparing their performance with that of purely data-driven approaches. Using a Real-valued Non-
Volume Preserving (Real NVP) neural network architecture with a self-attention mechanism, we trained several
models on simulated data generated with the Basilisk simulator. Two training strategies were considered: a
purely data-driven baseline and a physics-informed variant to improve robustness and stability. Our results
demonstrate that the inclusion of physics-based information significantly enhances the performance in terms of
the mean relative error with the best architectures found by 27.08%. These advantages are particularly evident
when the learned models are integrated into an MPC framework, where PINN-based models consistently
outperform their purely data-driven counterparts in terms of control accuracy and robustness, and achieve
improved settling times when compared to traditional MPC approaches, yielding improvements of up to 62%,
when subject to observation noise and RWs friction.

1. Introduction momentum of the spacecraft, making active control by the ACS essen-

tial to maintain the desired orientation. Addressing these complexities

The effectiveness of satellites’ attitude control system (ACS) is crit-
ical to the overall result of space missions, impacting both their oper-
ational efficiency and life horizon. Accurate pointing capabilities are
essential for a wide range of mission objectives, including maintaining
reliable communication links, gathering precise data from onboard
scientific instruments, and ensuring proper thermal regulation [1].
However, designing robust ACS for satellites remains a significant chal-
lenge because of the spacecraft’s complex and non-linear dynamics, as
well as the highly variable conditions of the space environment. Among
common attitude control actuators, reaction wheels (RWs) are preferred
for their high accuracy and moderately fast maneuvers, providing
continuous and smooth control [2]. However, they also introduce
significant non-linearities, such as frictions and saturation effects. In
addition to the complexities introduced by actuators, spacecraft in
Earth orbit are continuously subjected to various external disturbance
torques, such as gravity gradient, atmospheric drag, and magnetic
field torques [1]. These environmental torques increase the angular
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has historically relied on two main approaches: model-based meth-
ods [3-6] and, more recently, data-driven techniques [7-10]. However,
both exhibit some limitations. Traditional physics-based models, while
foundational and offering a structured understanding of the system
behavior, often rely on simplifying assumptions. These simplifications
can compromise their accuracy and make them difficult to apply effec-
tively in highly dynamic and uncertain environments [11]. A notable
example of these methods is Model Predictive Control (MPC), which
relies on an internal dynamics model, whose fidelity is critical for the
stability and robustness of the controller. On the other hand, purely
data-driven machine learning (ML) algorithms learn directly from ex-
perience without requiring an explicit system model. Although they
offer versatility in pattern recognition and scalability, these approaches
present significant drawbacks in safety-critical applications [12], as
demonstrated by the interest in formal methods of which we provide
a few Refs. [13-15]. Therefore, improving the spacecraft’s dynamics
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model is a key enabler for more reliable and effective attitude control,
and is the central objective of the approach proposed in this work.
In response to the limitations of physics-based models and ML data-
driven approaches, Physics-Informed Neural Networks (PINNs) [16]
have emerged as a significant paradigm shift. PINNs integrate the
governing physical laws of a system directly into the neural network’s
learning process. Traditional PINNs learn to predict the state of the
system at a particular time instant, this however does not adapt to
control and planning algorithms, which only need to explore the evolu-
tion of the actuated system in a limited future time horizon. Therefore
alternative approaches have emerged: some merge physical models
to Al models trained with data-driven losses [12,17], others add to
the data-driven loss an unsupervised physics loss term, which ensures
that the physical equations are satisfied at certain points throughout
the domain [18-20]. This embedding of physical knowledge has a
regularization effect, which leads PINN to be more data-efficient and
robust.

In this work, we explore the application of PINNs to the learn-
ing of spacecraft attitude dynamics. Specifically, we aim to learn the
transition function between consecutive control steps given the current
spacecraft state and the control torque applied. We compare models
trained solely with data-driven loss with those trained with both data-
driven and physics-informed losses. All experiments are conducted
using high-fidelity simulation data generated with the Basilisk simu-
lator [21], ensuring realistic and reproducible evaluation conditions.
Our results show that PINNs offer superior performance compared to
purely model-free approaches when evaluating the model as a regres-
sor to predict the next state of the satellite’s attitude dynamics and
exhibit improved stability and robustness when integrated into an MPC
framework, highlighting the potential of physics-informed learning in
advancing autonomous space systems. We performed these experiments
using two neural network architectures: a Multilayer Perceptron (MLP)
and a Real-valued Non-Volume Preserving (Real NVP) model. These
choices were motivated by the need to minimize inference time under
the constraints of on-board hardware, as deploying more complex mod-
els remains an active research topic [22-24]. Furthermore, to increase
the model’s ability to capture the correlation between control inputs
and resulting dynamics, we experimented with two variants of self-
attention mechanisms designed to scale the predictions by a factor
between 0 and 1.

1.1. Contribution

The key contributions of our paper are as follows.

1. We propose a novel approach for learning spacecraft attitude
dynamics using a Real NVP neural network with a self-attention
mechanism.

2. We introduce a physics-informed training loss to boost the gen-
eralization and robustness properties of the learned dynam-
ics model, optimizing the data-physics losses ratio using the
Lagrangian dual approach.

3. We systematically compare purely data-driven models with their
physics-informed counterparts, highlighting the benefits of in-
corporating physical information into the training process.
Showing improvements between 90.22% and 27.08% in terms of
mean relative error when predicting 10 time steps in self-loop.

. We demonstrate the practical utility of the learned models by
embedding them into an MPC framework and systematically
evaluating their performance and robustness-to-noise in closed-
loop attitude control tasks. The comparative analysis showed
a significant reduction of the spread of the trajectories, and
enabling improvements of the MPC performance with respect to
traditional non-linear and linear dynamics, when the spacecraft
is subject to parameters estimation and state observation errors
of up to 20% and 3% respectively, and RWs friction.
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1.2. Paper organization

The paper is organized as follows. Section 2 gives an overview of
the related works. Section 3 provides a detailed explanation of the
proposed model with the loss functions used. Section 4 describes the
dataset and the metrics used to evaluate the framework. In Section 5,
we present a comprehensive discussion of the results obtained. Finally,
Section 6 offers concluding remarks on the outcomes and implications
of applying our framework.

2. Related works

This section reviews relevant works that used machine learning,
both purely data-driven and with physics-informed approaches, and the
integration of neural networks with MPC, for control, state estimation,
and trajectory optimization, with a focus on the aerospace field.

Neural networks have been successfully applied to various aspects
of control and state estimation and are being increasingly adopted for
critical tasks. [19] uses a physics-informed loss to improve resilience
against disturbances when estimating the state of a power-grid with
a neural network, showing significant improvements in estimation
accuracy and robustness under challenging conditions like three-phase
faults and data manipulation attacks. [20] introduced Physics-informed
Electromagnetic Field Network (PEFNet), a neural network trained to
address the path loss estimation problem by using the computational
electromagnetic principles in a physics-informed loss. For what con-
cerns the aerospace sector, in [25] a physics-informed neural network
was trained to model the non-linear dynamics of quadrotors, embed-
ding conservation laws to enhance generalization and interpretabil-
ity, outperforming both traditional models and black-box neural net-
works. [26] showed the use of neural representations for time-optimal,
constant acceleration rendezvous, highlighting the ability of neural net-
works to learn complex, non-linear control policies. For what concerns
state estimation, [17] investigated the application of PINNs for satellite
state estimation during continuous thrust maneuvers, showing how the
incorporation of physical laws into neural networks can enhance the
accuracy and robustness of estimations in orbital mechanics. Unlike
them, we apply the physics-informed approach for attitude dynamics
and aim to directly learn the state transition function through a physics-
informed loss, instead of a perturbation. Furthermore, [10] explored
imitation learning and generative adversarial NNs for satellite attitude
control under unknown perturbations using the physical simulator
MuJoCo [27], suggesting a promising avenue for robust and adaptive
control in uncertain space environments. Finally, [9] uses a fully-
connected deep neural network trained with a data-driven approach to
estimate the inertia matrix of the final system in the context of docking
and berthing.

Concerning the integration of artificial intelligence approaches in
MPC in the aerospace field, [28] studied an MPC framework for aerial
robots that combines an offline physics-derived model with an online
machine learning correction using adaptive sparse identification. [29]
proposed a MPC framework that utilizes a neural network to replace
the non-linear dynamics of an MPC and primal active sets to effi-
ciently handle complex constraints and dynamics. Extending this, [30]
explored PINN-based MPC for multi-link manipulators, demonstrating
the potential of combining data-driven and physics-informed mod-
els for improved control performance. A more recent advancement
in this area is presented by [12], who introduced a Transformer-
Based MPC approach. They used the sequence modeling capabilities of
transformers to generate better initial solutions to be used as starting
trajectories in a MPC, and learned the terminal cost, improving runtime
and convergence. Though they used a purely data-driven loss to train
the neural network. These works highlight a growing trend towards
using advanced machine learning techniques, particularly transformer
architectures and physics-informed approaches, to overcome challenges
in traditional control and estimation problems.
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3. Methodology

In this section, we provide a detailed explanation of the proposed
framework for physics-informed attitude dynamics learning. First, we
formally frame the problem of satellite attitude dynamics. Then, the
neural network model adopted is briefly described, and the physics-
biased loss function used in the training is defined. Finally, the non-
linear Model Predictive Control framework integrated with the learned
dynamics is presented.

3.1. Satellite attitude dynamics

Here the necessary background on the attitude dynamics of a rigid
spacecraft in Earth orbit is provided. A spacecraft is subject to both
actuators control torques and external torques. The environmental
torques acting on the satellite as disturbances can have different sources
depending on its position and velocity: gravity gradient, atmospheric
drag, and magnetic field torques. We are not providing a detailed
formulation of these forces, though they are present in the simulator
used to collect trajectories for training and testing, and they have an
effect on the learned dynamics.

Given the actuators control torque in the body coordinate frame N _,
the satellite inertia matrix 7 , the reaction wheels inertia matrix 7., the
angular velocity of the satellite @ and of the reaction wheels ®,,,, the
total external torque N,, and defining the skew-symmetric matrix S(w)
in Eq. (1) we have that the dynamics of the satellite actuated by the
Reaction Wheels (RWs) is shown in Eq. (2).

0 —wy  Woy

S(w) =| wy 0 —un (1)
—L{.:'z LU] '0

@ =—-I1"1S(@),w- I7'S(@)I,,0,,+I;"N,+I'N, (2)

Given the RWs torque u,,, it is possible to calculate the torque acting
on the spacecraft as shown in Eq. (3).

&

N (3)

The dynamics of the reaction wheels angular velocity is given in
Eq. (4).

| Lt B e

(4)

It is possible to obtain the angular velocity of the spacecraft and
of the reaction wheels by integrating over time Eqgs. (2) and (4). This
allows to compute the attitude of the spacecraft, defined by quaternion
g, by integrating Eq. (5).

| )
Wy = Im. Upyy — @

i= 3Qllq (5)
where Qw] is given by Eq. (6).
K —wy — —mz_
ﬂlm] — wp 0 (5] = {6]
W] =y 0 O
Wy W =y 0

Finally, the total angular momentum of the spacecraft h is composed
of the angular momentum of the spacecraft and the angular momentum
of the reaction wheels as shown in Eq. (7).

(7)

h=Ilw+ 1,0,

3.2. Problem formulation

Developing a reliable attitude control system for satellites remains
exceptionally challenging given the spacecraft’s inherently non-linear
and intricate dynamic behavior, coupled with the unpredictable con-
ditions of the space environment [1]. Enhancing the accuracy of the
spacecraft dynamics model is therefore indispensable for achieving
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more precise attitude regulation, also adopting advanced model-based
control techniques such as model predictive control (MPC). This be-
comes particularly important when the spacecraft state and parameters
are subject to errors and estimation inaccuracies.

In this work, we propose a novel physics-informed neural net-
work (PINN) approach to approximate the full dynamics model of the
spacecraft. Besides the typical data-driven loss, a physics-based loss
is designed to act as an inductive bias during the training process
of the model, leading to enhanced generalization and robustness to
noise compared to vanilla data-driven formulations. Fig. 1 describes
the complete pipeline of the learning approach. The PINN receives
the spacecraft state, comprising angular velocities of both satellite and
reaction wheels, together with the angular acceleration of the satellite
and the RWs control torque as input. It predicts the resulting changes
in angular velocities of the satellite, to be directly integrated in a non-
linear MPC framework usually adopted in advanced attitude control
solutions.

3.3. Neural network architecture

A neural network model is used to learn the attitude dynamics of the
spacecraft. We experimented with a MLP and a Real NVP architecture.
For the MLP we experimented with varying number of Fully-Connected
(FC) layers, between 2 and 8, and number of units per layer, between
16 and 256, while for the Real NVP architecture we search for a number
of coupling layers between 2 and 6, each one composed by a number
of FC layers between 2 and 4, and a number of units per layer between
16 and 64. Finally, we experimented with a Real NVP architecture and
with self-attention layers, with the aim of limiting the computational
cost of the inference by adopting an efficient architecture.

Real NVP belongs to the family of normalizing flow [31], aimed
at modeling high-dimensional data distributions through a sequence
of bijective transformations implemented with affine coupling layers,
which operate by partitioning the input variables: one subset undergoes
transformation via a scale and a translation neural networks, while the
other remains unchanged. Both networks receive half of the input and
apply their respective transformations to the complementary half, en-
suring that the overall mapping remains invertible and computationally
efficient. In particular, given an input vector for the Real NVP as shown
in Eq. (8)

(8)

where x, and x; denote the partitions of the input, each affine coupling
layer performs the transformation shown in Eq. (9).

X = (X, Xp),

9)

where s(-) and #(-) are scale and translation neural networks, respec-
tively, and © denotes element-wise multiplication. Given that the Real
NVP network, R, consists of multiple coupling layers with alternating
partitions, no variable remains unchanged across the full network. It
should be noted that in this work the Real NVP network is composed
only by coupling layers, making the transformation applied to the data
deterministic. After the Real NVP model, a FC layer, F, is used to learn
a mapping from the distribution learnt by the Real NVP model to the
prediction space. The output v € R3**! of this model is therefore
computed as shown in Eq. (10).

Vo = Xg» Vo = Xp © Exp(ﬁ‘(){'u)) E r(xu}*

v = F(R(x)) (10)

With input x € R3%%! and Real NVP output R(x) € R30%1,
Self-Attention [32,33] is a mechanism that allows a model to weigh
the importance of different elements within an input sequence when
encoding contextual information. It captures long-range dependencies
and enables dynamic representation learning by computing pairwise
interactions between all tokens. In our framework, it is used to let the
network focus on correlated outputs and scale correctly the prediction
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Attitude-MPC
S Cmd
l > ost Function
Aw s
Optimizer

Physics-Informed Loss
L=(1-p8)Lpp+ BLp;

Data-Driven Loss
(Supervised)

Lpp = NRMSE(Aw, Ad)

« Angular Velocity

Physics Loss

Lpr = Ly + pLy
e Angular Acceleration
« Angular Momentum

Fig. 1. A schematic description of the proposed PINN for satellite dynamics learning and attitude control. The PINN models, trained using a weighted sum of
the data-driven and physics-informed losses, is used as dynamics model in a non-linear MPC.

when dealing with low intensity input signals. We demonstrate the ben-
efits of this architecture in Section 5, showing that the model is more
precise in predicting null changes. We implemented and experimented
with two slightly different versions by changing the input of the Key
and Query layers, as can be seen by looking at the differences between
SA1 and SA2 in Fig. 2. In particular, in model NVPSA1, which uses the
flow SA1, we use the output of the Real NVP model (R(x)) as input to
compute Value, Query, and Key. Written as a,, the input of Query and
Key, we have that g, = R(x) € R>”*! for NVPSA1. While in NVPSA2,
which uses the flow SA2, the Query and Key projections receive as input
the concatenation of the commanded torques, the inertia matrix of the
satellite and of the RWs, and the inverse of the satellite inertia matrix.
In this case a;, = {N,. I, I,,.I;'} € R*®1. The difference in input
between the two architectures stems from the design choice to learn a
weighting function that scales the predicted change in angular velocity
using only the control torques and inertia matrices. This approach
reduces the input dimensionality and the amount of information the
network must process.

Two matrices, W,, W, are applied to obtain respectively the Query
and Key representations:

0=Wa, K=Wea, an

where W, W; € R3*%7 in the case of NVPSA1, and W, W, € R35*30
for NVPSA2. As value we use the output v of Eq. (10).
The self-attention output y is computed as

o oPIGRT o OKT
y = sigmoid v = sigmoid EERx));
( Vd ) ( Vd )

where d is the dimension of the input to query and key, either 57
or 30, following [34]. The resulting output has dimension (35,1)
and represents the predicted trajectory over S time steps, with three
state variables per step. At time step t all models aimed at predicting
the resulting change in angular velocity A@, ; using as input a state
composed of the current satellite angular velocity @,, RWs velocity
s the RWs commanded torque u,,,,, and the angular acceleration
of the spacecraft @,, estimated by computing the first-order backward
difference.

(12)

w

3.4. Physics-informed training

As previously stated, we combined two loss functions. A classic
data-driven loss, Ly, shown in Eq. (13) is defined as the Normalized
Root Mean Squared Error (NRMSE) of the predicted change in angular
velocity A® when compared to ground truth data obtained from the
dataset. We used the standard deviation of the ground truth change
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Table 1
Grid search results over the hyper-parameter p. We show the Mean Relative
Error (MRE) when predicting the next .§ = 10 steps, as described in Section 4.4.

le-1 le=2 le=3 le—4 0

MRE self-loop 1.83 1.72 2.70 2.37 1.98

in angular velocity o,, to normalize the Root Mean Squared Error
(RMSE).

1 wB,, .
\/—B Y (Ad; — Aw,)?

04

(13)

Lpp =

A physics-informed penalty term L, is designed to regularize the
training of the dynamics model and avoid overfitting by embedding
the physical laws of the system directly in the loss function, shown
in Eq. (14). It has been derived from the satellite attitude dynamics
discussed in Section 3.1, and it is composed of a weighted sum of
two components: (I) the NRMSE of the predicted change in angular
acceleration L, Eq. (15), where & is calculated using Eq. (2); (II) the

2
MSE of the change in angular momentum L,, Eq. (16).

Lpy =L, +pL, (14)

The MSE of the change in angular momentum is weighted by
a factor p equal to le™?, found through a grid search, shown in
Table 1. To limit the complexity of the physics-informed loss, the
total external torque N, in Eq. (2) is set to zero, as this loss is
intended to act as a regularization term that enforces general dynamical
consistency. The external perturbations are indeed captured by the
data-driven loss through the training data, in which such disturbances
are present. This choice keeps the physics-informed loss general and
robust by enforcing only intrinsic dynamical consistency, while avoid-
ing environment-specific assumptions about external disturbances. As
a trade-off, all perturbation effects are implicitly handled by the data-
driven loss and under strong external torques the PI loss may hinder
learning. We assume that the relative weight of the two losses will let
the model learn their effect through the data-driven loss, to this end,
we experimented by giving a higher weight to L, rather than to Lp;.

Vi T -

‘grh

(15)

B
]_ -~ o
LJ‘! = E Z("Ia '(m+dm) + Iru' ’ l‘:‘;'HJL:" - "I:.' '(m+dm} + ‘rru' : mﬁ'{.{'_!")z [16)
i
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I — %8
@ (35, I]K SA2 '
ey
(9,1) I
(35,1)
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I, € R

L
II m Uy € RIS

this figure legend, the reader is referred to the web version of this article.)

In Egs. (15) and (16), A® and @ represent the predicted change in
angular velocity and the predicted angular acceleration, calculated as
@ = Ad/At. A, is the change in angular velocity of the RWs computed
with Eq. (4) using @. B is the batch size.

Eq. (17) shows the total loss used in our physics-informed exper-
iments, as the weighted sum of the data-driven and physics-informed
losses.

L={I’LDD +-PSLPI {1?J

Here « and f are used to change the relative weight of the two loss
functions. We experimented with fixed hand-selected values and with
the Lagrangian dual approach [35], which automatically learns the best
multipliers with a sub-gradient method during training, dynamically
changing the relative importance of the two losses based on the perfor-
mance of the model. In the latter case a = (1—/), and # was constrained
in the interval [0, 1].

3.5. Non-linear MPC with learned dynamics

The main focus of this work is learning the attitude dynamics of a
satellite through a deep neural network, which can provide substantial
benefits to diverse spacecraft control operations. We demonstrate eval-
uating the best models obtained in a rest-to-rest spacecraft maneuvers
application, coupling the learned dynamics with a MPC framework,
Fig. 3. This concrete application has also been carried out with the
aim of testing the effect of the learned dynamics in a model-based
controller and evaluating its robustness to state estimation errors and
model uncertainties. Section 4 will describe the metrics used in the two
parts of the project in more detail.

The state used by the MPC is composed of the current quaternion q,
spacecraft angular velocity @, RWs angular velocity w,,,, and satellite
angular acceleration @ as x (g,@,w,,,@}. The PINN is used to
estimate the dynamics of the spacecraft and of the RWs starting from

[DSigmnid m Tanh

Fig. 2. Neural Network architecture diagrams. NVPSAl (violet flow) uses the output of the Real NVP model to weigh the delta state predicted through a
self-attention approach. NVPSA2 (green flow) instead uses the input torque and the inertia matrices of the spacecraft and of the RWs as input of the Query and
Key projections. S is the length of the predicted trajectory. Above each NN block we give the output shape. (For interpretation of the references to colour in
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the current state x, and the current RWs torque u,, which is then
integrated to obtain the new state x, ., as shown in Egs. (18)—(21).

Aw, y = PIN Ny(w,, ®,,;, @, U, 0) (18)
Bpuy = ‘d'j":l (19)
Opprar = Ity — By (20)
diy1 = %leﬁq (21)

In particular, our PINN is used to estimate the change in angular
velocity Ad,,;, which is subsequently used to compute the angular
acceleration @, (Eq. (19)), and the RWs accelerations a,,,, by sub-
stituting the estimated angular acceleration in Eq. (4). The quaternion
dynamics ¢, is calculated using the angular velocity received in input,
thus it depends directly on the predicted output of the PINN starting
from the second step of the MPC horizon. For subsequent steps of the
MPC prediction horizon, the state propagation is performed recursively.
At a generic prediction step k € {1,....n — 1}, the predicted state %,
is used as input to the PINN together with the corresponding control
input u,;:

Adyyp11 = PIN No(@p i Dpip ks Oraies Uy 0)s (22)
lrE;':+.€c+1 = #1 (23)
&}rw,l+k+1 = “:3 Urpke — ':E}r+k+1-: (24)
Greks1 = %Q[@Hk]@w (25)

In this work, the recursive prediction is performed over a horizon
of n = 10 steps. It should be noted that, even though the PINN model
is trained to predict a trajectory of § steps, during inference only the
first predicted state is used as estimated state for the MPC.
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Satellite System

: X u
Satellite State X, ug, 0 FAVATRE M
Control Input —» — i
MM params 4
{E’:‘:“:Wrm w}1 gy
MPC State Completion
Ut
Predicted State [ <« D
X . Qlese]
dit1 = — Qwilg
2
Cost Optimization
; Uk+1
—» Cost Function — >

Fig. 3. Attitude MPC with learned dynamics, a schematic of the complete framework.

The MPC'’s cost function is defined in Eq. (26).

n=1
C= Z (x7 Oxy +u; Cuy + Auj, RAu,) + x! Ox, (26)
k=0
where u, is an abbreviation of the commanded RWs torque u,, at
time step k, and Au, is the difference between the RWs torque re-
quired at the previous time step and the current one. C and R are
diagonal cost matrices used to reduce the torques u,, and to limit
their variation, smoothing their trajectories. Their non-zero elements
are equal to le — 1, while Q'3!3 = diag(10000, 10000, 10000,
10000, 1e72,1e72,1e72,1e %, 1e7 %, 1e7%, 172,172, 172). Finally, n is
the horizon of the MPC, which in our experiments is set to n = 10.

4. Experimental setups

In this section we describe in depth the dataset used, the NNs
architectures, the traditional MPC implementations, the experiments
and the metrics computed to evaluate the results.

4.1. Dataset

To train and test the models, we generated a dataset using the
Basilisk simulator [21]. The simulation involved a 58 kg satellite in Low
Earth Orbit actuated only by RWs which performed attitude maneuvers
controlled by a MRP feedback control module available in Basilisk.
In addition to the commanded torques, on the satellite acted several
environmental disturbances, such as the gravity gradient, magnetic
disturbances, and the atmospheric drag. The relevant satellite param-
eters are shown in Table 2. The rationale for this dataset design is to
reproduce a representative operational environment for small satellites
performing attitude control solely with RWs. By including both nominal
and perturbed configurations, the dataset allows assessing not only
nominal performance but also the robustness of the learned models
to model uncertainties. We ran 300 runs randomly varying the initial
attitude, and orbital position, to generate an initial dataset, and other
50 runs with a different satellite inertia matrix and mass, to test the
robustness of the trained models to errors of approximately 10% on
all axes, as these parameters are typically not known with absolute
precision and may change during the operational life. These trajectories
cover a broad portion of the attitude space and reaction wheel state
space, providing a diverse training and testing distribution of control
inputs and system responses. In each simulation, the satellite started
with a random angular velocity of the reaction wheels, sampled uni-
formly from [-300, 300] rotations per minute. Each simulation lasted
3 min with a sampling and control time of 0.1 s, and a simulation time
step of 0.001 s with Runge-Kutta 4 as integrator.
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Table 2
We show the satellite inertia matrix /¢, the RWs inertia matrix /

., the satellite
mass, the maximum torque acting on the RWs u,,, the maximum RWs speed
@,,, and the controller timestep At.

Fioy

I I Mass Max u,,, Max @, At
[kg] [N m] [rpm] [s]

5.700, 0.045, 0.002 0.001, 0., 0. 58 0.05 6000 0.1

0.045, 3.300, 0.012 0., 0.001, 0.

0.002, 0.012, 6.100 0., 0., 0.001

Table 3

Results obtained during the Dynamics Learning Experiments. Experiments with
DD are performed using only the data-driven loss, those with LD used a
Lagrangian dual approach. In bold are shown the models that will be further
analyzed in the MPC and robustness-to-noise experiments.

Experiment MRE Physics MRE Physics error
error self-loop self-loop
RealNVP-DD 3.3x 103 0.25 28.84 01.68
MLP-4-16-DD 19.67 24.38 22.63 137.34
MLP-9-64-DD 0.85 14,55 10.52 93.11
NVPSA1-DD 35x%x10°3 0.25 3.07 6.65
NVPSA2-DD 32x107° 0.25 2.40 5.83
RealNVP-LD 3.6x10°° 0.19 2.82 0.84
MLP-4-16-LD 6.26 17.18 6.96 05.86
MLP-9-64-LD 8.26 10.13 10.02 65.63
NVPSA1-LD 3.2x10°° 0.18 2.15 0.40
NVPSA2-1LD 32x107° 0.16 1.75 0.31

We construct the dataset by creating input—output pairs as follows:
the input x; has shape (1, 12) and is defined as x; = {w, ®,,,.,u,,.®},
while the target y; is equal to the change in satellite angular velocity,
i.e. y; = Aw;. The training dataset was split, with random sampling,
67%-33% respectively for training and validation. This method was se-
lected to perform training and validation on all phases of a trajectory, as
the objective is to have a model that performs well irrespectively of the
control phase. The length of the dataset episodes is such that potential
problems linked to an under-sampling of certain control phases can be
disregarded.

4.2. Models

In our experiments, we tested several models with varying architec-
tures. The objectives were to obtain good performances in estimating
the next attitude state given the current one and the commanded
torque, and to maintain a low inference time. We experimented with
a Real NVP whose scale and translation networks are composed only
of FC layers, and two combinations of Real NVP with a self-attention
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mechanism to decouple the predicted outputs. This architecture was
selected as initial experiments showed that the Real NVP led to an
improvement of 26.43% in terms of MRE and 30.59% in terms of
physics-informed loss, when compared against a MLP, on the validation
set for the best pair of architectures found by a grid search. Notably,
for both models, the identified architecture was considerably smaller
than the maximum permitted by the defined search space. Moreover,
the Real NVP remains computationally efficient and fast, making it a
practical choice for deployment despite its enhanced expressiveness.
A comparison on the test set between these two architectures can be
found in Table 3.

In addition to the number of FC and coupling layers, and units in
each FC layer, we experimented with the introduction of the satellite
and RWs inertia information into the network. In particular, we con-
catenated it to the input of the model and before the final layer. In the
baseline, without self-attention mechanism, a skip connection was used
to concatenate the input to the output of the Real NVP before the final
FC layer. The best configuration found, shown in Fig. 2, concatenates I
and I,,, with the input of the model and I,, I,,, and I_! to the features
generated by the model before the last layer.

Finally, with the best models found, we experimented with the
number of predicted steps, .5 in Fig. 2. The model was trained to predict
with a single inference all future S steps, and the two losses were
computed by iteratively propagating the state while keeping the torques
constant. The best results were obtained with S = 10. During inference
only the first predicted state was used to evaluate the model or as
estimated state for the MPC.

4.3. Traditional MPC

In this work we compare our framework to two different MPC
without Al, one uses a state space form (linear MPC) and another
one uses a non-linear approach. Given the MPC context introduced in
Section 3.5, we use the same input state and cost matrices with the
non-linear dynamics, implemented following Section 3.1, and change
them when using the state space form. In particular, we used as input
state x = {g, w) and all terms of matrix Q®*® were set to 1000, all other
parameters were left unchanged. To implement the discrete state space
model, given in Eq. (27), we followed [5].

Xp41 = AgX; + By, (27)

In Eq. (27) matrix A; and matrix B, are computed from Egs. (28) and
(29) using the zero-order hold control implementation, i.e. keeping the
control torque constant according to the control frequency, as shown in
Eq. (31). Given w,, which is the scalar angular velocity of the spacecraft
about the Earth’s center, and I, which is the satellite inertia matrix I..

.DSXE 0_5[3)(3
A= [ 136 ] (28)
03x3
B=]|. I | ] (29)
[‘“ag(m? %)
where M is defined in Eq. (30).
—Sw? I]f;u 0 0 0 0 w, ":J‘*‘:z—ﬁ
M = 0 6ro2 2 0 0 0 0
0 0 —2u? (A0 0
(30)
ai
A, =e' B =/ e’do (31)
0
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4.4. Evaluation metrics & experiments

To evaluate our models, we used a combination of metrics to evalu-
ate their performance both as standalone regressors and to compare the
performances of the resulting MPC controllers. These two evaluations
represent the two steps that we followed during our experiments.

Firstly, we trained several neural networks with varying architec-
tures and hyper-parameters to find the best performing framework to
estimate the next attitude, given the current one and the commanded
RWs torque. We will refer to this step as Dynamics Learning Exper-
iments. The metrics used for this step are the Mean Relative Error
(MRE) and the physics error, i.e. the physics-informed loss. The results
were averaged over all time steps and simulations. For both metrics we
will show both the results on the single-step prediction and the results
when predicting the next 10 steps under the assumption of constant
command torque. This was done because preliminary results showed
that the models were unable to learn from the small changes associated
with a single-step prediction. This will also be shown in Section 5.

Secondly, in the experiments named MPC Experiments, we used
the best performing neural networks to test various non-linear MPCs
evaluated with the Stability Performance Error, which is the difference
between the instantaneous performance error at a given time t and
the error value at an earlier time ¢ — A7, as defined in “ECSS-E-HB-60-
10A” [36]. This has been computed using Ar = 10. The performance
error is defined as the difference between the desired state and the
current one.

We performed 300 Monte Carlo simulations for each model to test
their robustness-to-noise, adding a random error of up to 3% from
a Gaussian distribution to each state variable, and a continuously
distributed random error of up to 10% to the inertia matrix, and up to
20% to the satellite mass. Moreover, friction was inserted in the RWs
following a linear dynamics up to 50% + 12,5% of the RWs maximum
velocity. The initial attitude was varied randomly in the range {%, %].
It should be noted that the neural networks were trained with data
generated in simulations without noise and RWs friction. To evaluate
these experiments, we will show the trajectories distribution and the
stability performance error, along with the average steady-state error
over the last minute of simulation and the time required to converge
to a attitude error below 1 degree (Settling Time).

4.5. Implementation details

The experiments were performed on a computer with an Intel i7-
9700K 3.60 GHz CPU, 64 GB of RAM, and a GeForce RTX 2080 Ti.
The models and loss functions have been implemented in torch and we
used the “do-mpc” library to implement the MPC with Al as dynamics
estimator. The models have been trained on the GPU using a batch
size of 16 384, found during the hyper-parameter search, and tested
on CPU with an inference time of 0.66 + 0.03 ms for the biggest
models, i.e. the Real NVP with self-attention mechanism. Finally, the
models were tested on relevant edge devices to acquire data about their
computational cost. These results are shown in Section 5.3.

5. Experiments and results

Here we show and discuss the results obtained in the two groups of
experiments. Each section presents the results obtained in the relative
experiments using the metrics described in Section 4.

5.1. Dynamics learning experiments

We performed several experiments to identify the best architecture,
and the best performing model found has 4 coupling layers, whose
scale and translation network have 2 FC layers with 64 units each.
This model was used to study the impact of concatenating the inertia
parameters of the satellite and the RWs of the training set, respectively
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Fig. 4. Distribution of the results obtained during the experiments to evaluate the effect of different relative weights @ and f in the loss. We show the results
for various ratio of fixed weights («/f) and for the Lagrangian dual approach LD.

Table 4

Correlation analysis between u,, and 4A®, and of 4@. We show the MAE
between expected and actual correlation, along with the p-values of the results.
Experiments with a p-value above 0.05 are not significant. “p-value baseline”
corresponds to the significance of the differences with respect to the models
without self-attention mechanisms, while “p-value SA1” to the difference with
respect to the models NVPSAL.

Experiment MAE MAE p-value p-value
U,/ A Add baseline SAl

DD 0.0435 0.0190 - -

NVPSA1-DD 0.0399 0.0191 0.0162/0.6638 -

NVPSA2-DD 0.0341 0.0143 0.0005,/0.0005 0.0417/0.0008
LD 0.0368 0.0207 - -

NVPSA1-LD 0.0283 0.0165 0.0005/0.0188 -

NVPSA2-LD 0.0250 0.0141 0.0000,/0.0002 0.0143/0.0043

I, and I,,, to the input state, and the use of different pairs of weights

for the data-driven and physics-informed loss, along with the use of
the Lagrangian dual method [35]. The results showed that in all cases
the introduction of the inertia parameters led to improved results. It
should be noted that this addition helped the models even when the I,
parameters were subject to an error of approximately 10%, that is, the
test set.

Moreover, as shown in Fig. 4, we found that the use of the La-
grangian dual method led to improved results with respect to the
use of fixed weights. Therefore, the following experiments have been
performed using an input composed of the concatenation of state, I,
and I., from the training set, and the Lagrangian dual method to
change the relative weight of the data-driven and physics-informed
losses during training, starting from the same initial weight and with
the constraint that the data-driven loss is assigned a higher weight, as
stated in Section 3.

Subsequently, we proceeded to evaluate the performances of the
models trained only with the data-driven approaches and those trained
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with both losses, along with the introduction of the two implementa-
tions of the self-attention mechanism introduced in Section 3. In Table
3 are shown the results obtained by these experiments. In particular,
the table shows for each experiment the average of the MRE and of
the physics error, both for the next step prediction and when using the
model in self-loop mode for 10 time steps, i.e. when using the current
output of the model as state for the input of the following inference.
The experiments labeled with a DD are those in which the model has
been trained using only the data-driven loss, while those with LD used
the Lagrangian dual method. We also report the results obtained with
the best MLP model identified during the initial grid search (MLP-4-16),
which consists of 4 fully connected (FC) layers with 16 units each, and
the results from an MLP model (MLP-9-64) that matches the number of
FC layers used in the Real NVP model without self-attention (RealNVP),
with each layer having the same number of units as those in the FC
layers of the coupling blocks. The results show that the self-attention
mechanism that, in addition to the inertia matrices, used as input for
the key and query networks the commanded torque, rather than the
output of the Real NVP network, NVPSAZ2, led to the best performances
both when using only the data-driven loss and when using both losses.
Moreover, the experiments revealed that the model trained with both
losses achieved consistently better results both in terms of physics error
and in terms of MRE. Both MLP models underperform RealNVP in all
metrics, but the “MRP self-loop” when using only the data-driven loss.

To better evaluate the results and confirm their significance, in addi-
tion to the average, we analyzed the standard deviation and computed
the p-values with the Wilcoxon test. The standard deviation analysis
showed that the models trained only with the data-driven loss had a
standard deviation higher of an order of magnitude, and that the same
difference held between models trained with the same loss with and
without self-attention mechanism. When considering the significance
test, a p-value is defined as not significant when it is higher than 0.05.
We obtained not significant results only in the single-step evaluation. In
particular, the differences between the Physics Error of the data-driven
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Fig. 5. 300 MC simulation with parameter estimation errors, state estimation noise and RWs friction for NVPSA2-DD (upper left), NVPSA2-LD (upper right),
traditional MPC with linear (lower left) and non-linear (lower right) dynamics.

models and of RealNVP-LD and NVPSA2-LD were not significant, nor
was the difference between the MRE of the NVPSA1-LD and NVPSA2-
LD. We underlined these results in Table 3. It should be noted that the
MRE of NVPSA2-LD is not significant only with respect to the result
found for NVPSA1-LD. We argue that this is due to the small changes
in angular velocity in a single step, as the p-values obtained when
comparing the predictions over 10 time steps are all close 0.

As anticipated in Section 3, we inserted the self-attention mecha-
nisms to help the model learn the correlation between the commanded
torques and the change in angular velocity, and to decouple the pre-
diction of the models along the 3 axes. To verify its impact towards
this end, we computed the correlations between the predictions and the
input torques and checked whether they were similar to the correlations
between expected change in angular velocity and the input torque. We
performed the same experiment with the correlations of the predictions,
i.e. by looking at the correlations between the angular velocity in the
3 axes. The average values, along with the Wilcoxon test results for
statistical significance, are shown in Table 4. All results are considered
significant as their p-values are below 0.05, and, together with those
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shown in Table 3, show that using self-attention it is possible to
improve the performance of the models by increasing the correlation
between the commanded torques and the estimated change in angular
velocity.

5.2. MPC experiments

Given the results presented above, we used the models NVPSA2-LD
and NVPSA2-DD as dynamics predictor in a MPC controller to compare
the performances of the best performing model trained with and with-
out the physics-informed loss. Comparing them with the two traditional
MPC controllers introduced in Section 4.3. In Fig. 5 we present the
trajectories of 300 Monte Carlo simulations when performing rest-
to-rest maneuvers over 360 s with the model trained only with the
data-driven loss (NVPSA2-DD), both the data-driven and the physics-
informed loss (NVPSA2-LD), and the two traditional MPC controllers. In
these simulations we randomly changed the orbital position, the initial
satellite attitude, as well as introduce parameter estimation errors for
the satellite weight (up to 20%) and for the satellite inertia matrix
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Fig. 6. Stability Performance Error (SPE) for the MPC with NVPSA2-LD under parameter estimation inaccuracies, RWs friction and state estimation noise.

Table 5

Results of the experiments performed to study the robustness-to-noise of the
models when used in a MPC with several sources of noise. We show the median
over 300 MC simulations.

Table 6

Inference latency tests on different edge devices and architectures. For each
device and architecture, we show the average and standard deviation of the
latency, in milliseconds, over 1000 inferences.

Experiment Steady-state error [degrees] Settling time [s] Device RealNVP [ms] NVPSAL [ms] NVPSAZ2 [ms]
NVPSAZ-DD 0.5865 65.0 AMD GX-412HC 2.30 + 0.63 2.69 + 0.68 2.62 + 0.09
NVPSAZ-LD 0.0464 42.8 Raspberry PI 4B 7.91 + 1.55 8.02 + 1.59 012 + 1.23
Non-Linear MPC 0.1215 186.2 Jetson Nano CPU 5 W 5.07 + 0.28 6.13 + 0.30 6.19 + 0.45
Linear MPC 0.0024 114.1 Jetson Nano CPU 10 W 3.26 + 1.62 3.93 + 0.19 3.98 + 0.35
Jetson Nano GPU 5 W 15.21 + 58.26 19.44 + 57.74 18.86 + 61.17
Jetson Nano GPU 10 W 9.19 1+ 35.77 10.65 + 37.76 11.84 + 71.73

(up to 10%). Moreover, state estimation was subject to a Gaussian
random noise of up to 3% and the reaction wheels were subject to
friction, as described in Section 4.4. The results show that all models
are able to reach the required state with a steady-state error below 1
degree, but the model trained only with the data-driven loss is less
stable. Additionally, it can be seen that the MPC with the physics-
informed model (NVPSA2-LD) is able to reach a good convergence
error, given the noise present in the environment, in the minimum
amount of time among all controller tested. Though, it tends to produce
higher torques even in steady-state. In Table 5 we show the median
settling time, computed as the time required to reach a pointing error
below 1 degree, and the median of the steady-state error over the last
minute of the trajectory, i.e. the angle in degrees between the current
and target quaternion. The results show that the MPC with state space
model requires considerably more time to reach convergence, while
being able to reach a more accurate attitude, with respect to the MPC
with NVPSA2-LD, which is the fastest, i.e. 114 s for the state space
model against the 43 s required by NVPSA2-LD. Moreover, the median
settling time for the traditional non-linear MPC is approximately 3 min.
Finally, Fig. 6 shows the stability performance error for the quaternion,
the angular velocity of the satellite, the velocities of the RWs and
torque applied to the RWs when using the physics-informed model
NVPSA2-LD.
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5.3. Edge inference

In Table 6 we show the mean and standard deviation of the in-
ference latency for the three neural network architectures in 3 edge
devices: Jetson Nano, Raspberry PI 4B and AMD GX-412HC. In the
Jetson Nano we tested 4 different combinations of maximum power
consumption and target hardware, i.e. CPU or GPU. Given the small
size of the model, the results suggest that it is better to perform
inference only in the CPU, because the overhead associated to the data
movement to the GPU is higher than the improvement in performance.
When considering only the CPUs it can be seen that the bigger model
(NVPSA2) could be used with a frequency between 100 Hz and 380 Hz.

6. Conclusions

In this work, we introduced a novel framework for learning space-
craft attitude dynamics using a Real NVP neural network augmented
with a self-attention mechanism and trained via a hybrid loss that com-
bines data-driven supervision and physics-informed penalty. The rela-
tive weight of the two loss terms has been dynamically changed during
training via the Lagrangian dual approach. Our analysis demonstrated
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that incorporating physical knowledge in the training as an inductive
bias significantly enhances model performance, with improvements in
terms of Mean Relative Error (MRE) ranging from 27.08% to 90.22%
when forecasting 10 time steps. Embedding the learned models into
an MPC framework further validated their practical utility, showing
robust closed-loop control performance and resilience to observational
noise and RWs friction. This evaluation was carried out by showing
the trajectory distributions of 300 Monte Carlo simulations and by
evaluating their average steady-state errors, along with the settling
time, for both purely data-driven and physics-informed models, and
comparing their performances with traditional MPC solutions. Achiev-
ing an improvement in terms of settling time of about 62% compared
to the best performing traditional MPC. Additionally, the Stability
Performance Error (SPE) was computed to evaluate the stability of
the proposed controller. Across all metrics, the physics-informed model
consistently achieved the best results compared to the data-driven
approach, demonstrating superior robustness. Although the best results
were achieved with 10-step predictions, we believe that larger networks
and longer horizons could yield even greater accuracy, though at
increased computational cost. We believe that the proposed framework
has promising generalization capabilities and could be used to address
complex non-linear dynamics in future works, such as those involved
in satellite berthing or docking with non-cooperative targets, or for the
control of under-actuated spacecraft. These scenarios present greater
modeling and control challenges due to factors like discontinuous
dynamics, partial observability, and limited actuation, which align
well with the strengths of combined data-driven and physics-informed
learning. Finally, we envision the integration of traditional and Al-
based approaches to leverage the strengths of both, enabling faster and
more accurate attitude control, even under non-nominal conditions.
In the context of this work, a potential robust solution may see the
integration of the MPC with physics-informed dynamics for the highly
dynamic maneuvers and steady-state dynamics when close to the target
attitude.
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