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ABSTRACT

Although Machine Learning (ML) is widely used in a variety of interdisciplinary applications, its implemen-
tation in safety-critical systems, such as the Attitude Control System (ACS) of a satellite, poses numerous
challenges. While previous studies have shown promising results, there is a lack of information on the design
and development process for the application of ML in real-time control systems. This paper presents the
implementation of a Deep Reinforcement Learning (DRL) model for a magnetic-based ACS of the UPMSat-2
satellite. The primary objective is not only to design, implement, and validate an RL agent, but also to provide
some insights and criteria of the decision-making process to achieve an adequate model. The system was trained
and validated on a simulation model with positive results. To further validate non-functional requirements, the
resulting trained agent was tested on a real-time embedded system according to safety standards. The obtained
quantitative metrics and performance results show the ability of the agent to maintain the satellite’s attitude

across various operational phases, leveraging its adaptability to dynamic conditions.

1. Introduction

During recent years, there has been a growing interest from com-
panies and organizations in the adoption of Artificial Intelligence (AI)
solutions in a wide range of fields. In particular, aviation and space
industries are researching towards the use of these techniques in safety-
critical systems. Al, especially Machine Learning (ML), can benefit from
huge amounts of data to extract patterns and knowledge, learning how
to perform tasks without explicit programming. The global research
efforts of the authors aim at (i) developing systems based on ML
techniques for embedding controllers in safety-critical systems, and (ii)
validating that this software can satisfy the stringent requirements of
the aforementioned industries.

ML is generally produced by stochastic processes, leading to the
ability to generalize unseen cases [1]. RL, a subfield of ML, exploits
these capabilities for control systems by automatically learning control
laws through the interaction with the environment. This makes RL
effective in addressing decision-making and control problems that are
complex to solve using hand-coded rules [2]. RL is therefore preferable
compared to other methodologies, such as supervised learning. In
addition, the control policies generated in RL can use neural networks
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which can be implemented with bounded time and memory margins,
which is mandatory for safety-critical systems.

Despite this, the application of ML/RL techniques in safety-critical
systems presents significant challenges, as their failures could result
in economic, environmental, or even human losses. Different studies
have analyzed the viability of effectively combining these fields, but it
is still a challenge [3-5]. An outstanding issue is the identification of
ML techniques that can satisfy the strict requirements of the standards
of the safety-critical systems. As recognized by Tambon et al. [3],
the lack of formalization and limited practical experience make it
particularly important to investigate the feasibility of ML and RL in this
type of system. As a first step towards standardization, organizations
such as European Cooperation for Space Standardization (ECSS) for
aerospace [4] and European Union Aviation Safety Agency (EASA) for
avionics [5] published general guidelines for Al-based systems with low
and mid-criticality levels.

The UPMSat—2 (launched in 2020) and UPMSat—3 (expected to
be launched in the last quarter of 2025) projects aim to build exper-
imental microsatellites that will serve as technology demonstrators for
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scientific and educational applications. These projects are led by the
Microgravity Research Institute “Ignacio Da Riva” (IDR-UPM), which
manages the missions and is responsible for designing and manufac-
turing most of the satellite components, in collaboration with other
research groups and aerospace companies. The authors are members of
the Sistemas de Tiempo Real y Arquitectura de Servicios Teleméticos
(STRAST-IPTC) group, which developed all the software on board
the UPMSat-2 satellite and is developing the software on board the
UPMSat-3 satellite.

Within this framework, the development of an ACS experiment
using RL for the UPMSat—3 satellite was proposed. The ACS is a
critical component for the safe operation of satellites, as it ensures
proper orientation, directly affecting essential functions such as ther-
mal regulation, power management, and alignment of payload equip-
ment and antennas with ground stations [6]. As the hardware for
the UPMSat-3 satellite is not currently available, the experiment was
developed within the UPMSat—2 context. The ACS UPMSat—2 software
was developed using a Model-Driven Engineering approach [7,8] and
Simulink models were built for satellite components that included sen-
sor signal conditioning, control algorithm, and other related operations.
Therefore, the development and validation of the ML techniques were
based on these models.

Previous research by Elkins et al. [9], Su et al. [10], and Retagne
et al. [11] recognized the potential of combining RL techniques in the
attitude control domain. Particularly due to their ability to learn control
strategies and adapt to the uncertainties of complex and dynamic
environments, where classical methods may require precise modeling
and manual adjustment. Thus, RL demonstrated superior adaptability
in scenarios with high uncertainty and limited observability, making it
a suitable choice for real-time control applications on board a satellite.

This paper details the definition of actions and observations, the
tuning of the reward function, and the agent training process, offering
explanations for each decision made while maintaining a practical
approach. Regarding the non-functional aspects, the authors aim to
validate that the embedded ML controllers meet the safety-critical
standards. This effort relies on aerospace standards from ECSS focusing
on the safety and reliability of software systems. Previous research work
lacks verification of these non-functional requirements and focuses
solely on the functional aspects of the control system [11-13]. Con-
sequently, it is necessary to explore the capabilities of RL in ACS while
meeting all requirements of the system in terms of time predictability
and resource bound. In summary, this paper (i) describes the design,
implementation, and validation of an RL agent for the real-time attitude
control of a satellite system; and (ii) deploys the controller in an
embedded computer to validate some relevant requirements according
to safety standards.

The remainder of this paper is organized as follows. Section 2 gives
a background on RL focusing on the formalization of Markov Decision
Process (MDP) and the Proximal Policy Optimization (PPO) algorithm
used to train the agent. Section 3 reviews recent work on the imple-
mentation of ACS by means of RL. Section 4 describes the architecture
of UPMSat—2 ACS, its requirements, and the software and hardware
materials to train and validate the agent. Section 5 describes the design
of the RL controller, discussing iterative decisions on action space, state
space, reward function, and training. The results of each iteration are
presented and discussed as well. Section 6 discusses the embedded
verification after deploying the trained agent. Finally, conclusions are
drawn in Section 7 and potential future work is discussed in Section 8.

2. Reinforcement learning background
2.1. Reinforcement learning formalization

RL is a ML method where an agent learns an optimal behavior by
interaction with a dynamic environment. The learning aims to improve
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the agent so that it can choose actions that maximize rewards accu-
mulated over a period of time. As shown in Fig. 1, its main elements
are the agent, the action, the state, the environment, and the reward.
First, the agent contains the policy that acts as the controller of the
system, and the training or learning algorithm to update the policy.
The policy is typically implemented using neural networks. Second,
the actions are the commands made by the agent given a state, which
may be discrete (e.g. turn on/off actuator) or continuous (e.g. applied
energy on the actuator). Third, the state represents the status of the
environment. In the case of partial observability, the agent is limited
to the observable states. Fourth, the environment contains all external
elements, including the plant, dynamics, sensors, and actuators. It
receives the action from the agent and responds with a new state and
reward. Finally, the reward is a numerical value that criticizes the
agent’s performance based on the state of the environment, with higher
values indicating better performance. The reward and state are used by
the training algorithm to update the policy so that the actual and future
rewards are maximized.

The elements involved in the sequential evolution of the system are
formally modeled as a MDP as follows. At each time step 7, the agent
executes an action u, € U" on the environment which returns the new
state x, € & and the reward r, € R. The state x, is given by the state
transition function F : X X U" — X, which depends on the previous
state x,_, and the applied action u,_,:

x, = F(x,_j,u_y). (€8]

The received reward r, is given by the function R : ¥ — R, which
indicates how well the agent is acting based on the previous state x,_;:

ry = R(x,_y). 2)

The agent’s policy, denoted as z, may be deterministic or stochastic.
Deterministic policies directly map states to actions, while stochastic
policies define a probability distribution on actions given the states.
The ultimate goal of RL is to train a policy = that maximizes the value
function, which is given by:
o
V(x) =E(G,|x, = x), with G, =Y r*r . 3)
k=0
As seen, the value function is the expected sum of future discounted
rewards G,, where y € [0, 1] represents the discount factor applied to
future rewards. Discount factors near O cause the agent to optimize
the short-term rewards, while factors near 1 cause the agent to have a
broader perspective aiming to optimize the current and future rewards.

2.2. Training algorithm: proximal policy optimization (PPO)

The training process consists of a sequence of interactions with the
environment, known as episodes. Each episode consists of various steps
in which the agent executes an action on the environment, receiving
the next state and the reward value in response. The data obtained
in each episode are recorded and used to update the agent’s policy
to maximize the value function (see Eq. (3)). A well-established train-
ing algorithm is PPO, a policy gradient method that uses a clipping
mechanism to limit the degree to which the policy can change in
a single update. This restriction controls the impact of the changes,
allowing the training process to be more stable than other alternatives
such as Deep Deterministic Policy Gradient (DDPG), Deep Q-Network
(DQN), Soft Actor-Critic (SAC) [14]. PPO was shown to outperform
traditional feedback controllers in attitude control tasks [15], and to
achieve superior learning stability in discrete and constrained action
spaces compared to TD3 [9].

The PPO was selected as the training algorithm for ACS due to its
ability to support both continuous and discrete action spaces, making
it well suited to the PWM-driven magnetorquers used in the UPMSat—2
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Fig. 1. Reinforcement learning elements.

system. This flexibility allowed us to experiment with both representa-
tions and to ultimately achieve stable training and robust performance
under the constraints of our system.

To estimate the policy and value functions, PPO uses two neural
networks: Actor and Critic. These networks are trained with data
collected from interactions with the environment. The Critic V4 (x) with
parameters @, takes observation x and predicts the value function V7”.
The Actor zg(u|x) with parameters O is a stochastic policy that returns
the probability of taking action u in state x. In a discrete action space,
it returns the probability for each action. In a continuous action space,
it returns the mean and standard deviation of the learned Gaussian
distribution. Note that Actor and Critic are neural networks whose
outputs result from matrix multiplications that meet two properties.
First, the execution time of each inference is bounded since it can be
programmed as a non-recursive function. Second, though the PPO is
an stochastic policy, it is deterministic at inference time since their
parameters are frozen, producing the same outputs for the same inputs.
Therefore, compared to other online optimization-based techniques,
they are predictable from the timing and functional perspectives, which
is mandatory for safety-critical systems.

The authors encourage readers interested in the details of the PPO
algorithm to see Schulman et al. [16]. To facilitate readability, the fol-
lowing summarizes the main hyperparameters of PPO that are involved
during the training process.

The “clip factor” (¢) controls the range of policy updates. Higher
values allow larger changes to the policy, implying faster ex-
ploration but increasing the chances of instability. On the other
hand, lower values promote slower but more stable and gradual
exploration.

The “learning rate” is the speed at which the network parameters
are updated during training. The Actor and the Critic have their
own learning rates (denoted as A, and A4, respectively).

The “experience horizon” is the number of steps taken before
training. Each step implies collecting an observation of the state,
deciding the next action, and receiving a reward from the envi-
ronment.

The number of “epochs” defines how many times the networks
process a set of experiences in a single training iteration.

The “batch size” determines how much data is processed in each
training epoch. Each time, the batch is sampled from the expe-
rience horizon; therefore, the latter must be equal to or greater
than the batch size.

The advantage function (A,) represents how much better taking
action a, is compared to the average expected outcome from state
;e

The “discount factor” (y) is used in the advantage function to
balance the importance of future rewards. It ranges from 0 to 1
and the higher it is, the more importance is given to future values
of rewards.

Table 1
Summary of related and presented work.
Refer- RL agent Control architecture Comments
ence
[18] DQN Torque on one axis at Reward function and
a time. control method unclear.
[10] DDPG Reaction wheels. Reward function and
training process omitted.
[19] DDPG Reaction wheels and Outputs torque; training
magnetorquers. process not detailed.
[20] SAC Control moment RL used only in
gyroscopes. stabilization phase.
[11] SAC, PPO Reaction wheels. No real-time adaptation to
continuous mass variations.
[17] PPO Thrusters and reaction Reward function and
wheels. training details not fully
explained.
[9] PPO Reaction wheels. Reward function selection
unexplained.
Present PPO Three magnetometers, Functional RL ACS with
work and three in-depth discussion of its
magnetorquers. design and validation.

+ The term r,(0) is the probability ratio between the new and old
policies. This ratio measures the relative likelihood of the action
u, under the new policy 7y compared to the old policy 7o,

» The “entropy coefficient” is a parameter that promotes agent
exploration. The higher it is, the more uncertain the agent will
be to take the next action.

3. Related work

In recent years, research on the use of RL and Deep Reinforcement
Learning (DRL) for attitude control has grown due to their adaptabil-
ity to environmental uncertainties and their excellent performance in
non-linear systems [9,11,17]. This section reviews our bibliographic
investigation of studies using RL/DRL for satellite attitude control. Our
findings cover off-policy methods including DQN and DDPG, as well
as on-policy methods such as SAC and PPO. Table 1 summarizes the
revised work and highlights the type of RL agent used as the ACS
controller, the control architecture including sensors and actuators, and
general comments containing the main limitations of these works. For
comparison purposes, we include our work in the last row.

Regarding off-policy RL methods, Ma et al. [18] investigated the
application of a DQN agent for attitude control, where up to seven
discrete actions are available, each corresponding to a specific torque
applied along a single axis. However, the control scheme remains
ambiguous as the neural network output is directly mapped to the
torque without further clarification. Furthermore, the reward function
is only briefly described in broad terms, lacking a detailed explanation
of its design and impact on the learning process. The use of DQN limited
this study to discrete actions. To support continuous action spaces, Su
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et al. [10] proposed a DDPG agent for the ACS of simulated satellite
using reaction wheels as actuators. Although the study successfully
illustrates the potential of using a continuous action space for attitude
control, it lacks details on the reward function and does not provide a
sufficiently detailed explanation of the training process. Another study
from Yadava et al. [19] explored the application of a DDPG agent for
attitude control, focusing on a hybrid system that combines reaction
wheels with magnetorquers. Their work used the neural network output
as the torque to be applied, and not as specific actuator commands.
The study lacks of experimental results and does not provide detailed
information on the decisions taken during the design of the agent.

Regarding on-policy RL methods, Oghim et al. [20] explored the use
of a SAC agent for attitude control using control moment gyroscopes.
Their approach integrates RL exclusively during the stabilization phase,
after which a conventional control law takes over. The work of Retagne
et al. [11] evaluated the SAC and PPO methods for adaptive satellite
attitude control under varying spacecraft mass conditions. This method
employs a DRL agent trained to stack observations (including the satel-
lite’s angular velocity) in such a way that the agent indirectly estimates
mass-dependent properties for greater adaptability than conventional
control strategies. This study demonstrated the performance of stacked
observations in dealing with mass variations, achieving similar results
with both algorithms. In general, these studies demonstrate the poten-
tial of on-policy RL methods for attitude control, but the specifics of the
training mechanism used are not disclosed, leaving a reproducibility
gap and a deeper understanding of their approach.

The work carried out by Elkins et al. [9] served as a key refer-
ence for this study, as it explores the application of a PPO agent for
attitude control. In particular, their work highlights the advantages
of PPO in discrete and constrained control problems, showing that
with appropriate reward shaping, PPO can outperform other methods
under similar conditions. This study implements the simulation envi-
ronment in Python and provides a functional demonstration of RL for
spacecraft control using reaction wheels. Their results indicate that
the proposed method performs well, particularly in scenarios where
initial disturbances are applied to the satellite. A similar study using
PPO was presented by Allison et al. [17] which trains an agent RL
for an adaptive attitude controller that varies with the inertias of the
spacecraft, which are randomized on purpose throughout the simula-
tion for the enhancement of robustness. The results of these studies
demonstrate the adaptability of RL controllers to time-varying changes
in the environment, which in some cases is comparable to or better
than conventional controllers. However, not much detail is given on the
design of its reward function and the actual training procedure itself.

Although these studies explored various RL approaches for attitude
control, key distinctions highlight the contributions of our work. There
are two differences between this project and those reported in the
literature. The first is that this work presents a reinforcement-based
approach for a magnetic-based controller for a ACS. Previous studies
adapt magnetometer-magnetorquer systems with additional actuators,
none of them rely solely on these magnetometers and magnetorquers.
The second one is that our work not only focuses on the functional
aspects of the controller, it is complemented by a rigorous explanation
of reward function design and different training techniques. Unlike
most related research, which provides only theoretical descriptions, this
study offers deeper insights into the process of developing a RL agent
for ACS.

4. Experimental description and setup
4.1. UPMSat-2 attitude control system

This study is based on the original design of UPMSat—2 ACS, whose
results were successfully validated in orbit [21] and, therefore, the

details of the implementation are applicable to this experiment as
well [8,22]. The UPMSat—2 is a 50kg-class satellite launched on the
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Table 2
Discretization of the magnetic moment magnitudes into PWM duty-
cycles, where the axis subscript may be X, Y, or Z.

m,;, magnitude [Am’] MGT,,;, duty-cycle [ms]
[0,0.05) 0

[0.05,0.15) 100

[0.15,0.25) 200

[0.25,0.35) 300

[0.35,0.45) 400

[0.45,2] 500

Vega VV16 flight on 3 September 2020. It was deployed in a Sun-
synchronous orbit at 530 km of altitude with a period of 95 min. The ACS
of the UPMSat—2 aims to maintain a fixed angular speed and ensure
that the rotation axis remains perpendicular to the orbit. Meeting these
requirements allows the satellite to maintain a uniform temperature
distribution, balance the amount of solar radiation received by the
lateral panels, and ensure the visibility of the radio antenna from the
ground station. An active magnetic attitude control was selected for the
UPMSat—2, which is based on the interaction of the Earth’s magnetic
field with the satellite. Specifically, a modification of the standard B-
dot control law, developed by Cubas et al. [22], was used due to its
affordability and reliability for small Low Earth Orbit (LEO) missions
with non-demanding pointing and orientation requirements.

As actuators, the UPMSat—2 was equipped with three single-axis
orthogonal magnetorquers producing magnetic moment m [Am?] in
any direction. As sensors, it included three redundant flux-gate mag-
netometers to measure the magnetic field B [T] on the three axes. The
control law was implemented by a computerized system in which mag-
netometers are read using a 12-bit Analog-to-Digital Converter (ADC).
Conversely, due to the lack of Digital-to-Analog Coverters (DACs),
magnetorquers are controlled by PWM, a discretization method for
controlling analog signals using digital outputs. Specifically, each com-
ponent of the actuating magnetic moment was discretized for the set
of values +{0,100,200,300,400,500}, where the sign represents the
direction of the torque and the magnitude represents the time in ms the
magnetorquer remains active (PWM duty cycle). Although these values
may seem excessive, as shorter actuations could make more precise
maneuvers, the UPMSat—2 development team decided that they were
adequate enough for the requirements of the satellite [8,22]. Table 2
shows the required PWM duty cycles for different magnitudes of the
magnetic moment.

During attitude control, the satellite goes through three stages:
detumbling, stabilization, and stable phase. The detumbling phase
starts after the separation from the launcher. In this stage, the ACS
applies magnetic torques to reduce the angular velocity of the X and
Y axes, while simultaneously causing rotation around the Z axis to
achieve the desired setpoint defined as w?, specifically [wz,m‘yi,coj ] =
[0,0,0.1]rads™!. In this phase, the orientation of the Z axis with re-
spect to the orbit normal may vary freely until the next phase. The
stabilization phase starts after the angular velocity has been corrected
in the detumbling. This phase aligns the spin axis (Z) with the orbit
normal (Z), as the second Euler angle (6) tends to the desired value
(#? = 0°). Lastly, the satellite enters the stable phase maintaining the
attitude reached in the previous phases (@ close to @? and Z parallel
to Z;).

Based on this information, the control architecture of the UPMSat—2
ACS can be depicted in Fig. 2. As seen, the controller acts on the
magnetorquers through PWM based on the magnetometer readings
and desired angular velocity. The interaction of the magnetorquers
magnetic moment and the magnetic field of Earth produces a control
torque T, = m X B. The satellite dynamics receives this control torque,
which also interacts with external perturbations. The response of the
satellite is feedback to the magnetometers, closing the attitude control
loop.
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Fig. 3. Control cycle periodically executed by the ACS [8].

4.2. Attitude control time requirements

The time requirements in the development of the RL ACS are those
defined in the UPMSat—2 and are critical for the correct functioning of
the satellite. The timing diagram shown in Fig. 3 illustrates the time
requirements of UPMSat—2’s ACS, as defined in the original design
by Zamorano et al. [8]. The timing behavior of magnetometer readings
and magnetorquers actuation is forced by the satellite hardware [8,21].
In the satellite, magnetometers cannot generate readings while the
magnetorquers are producing the control torque, as magnetic rema-
nence could cause interference in the sensor readings. Therefore, the
original ACS included time requirements to avoid possible errors. If the
timing of the control law is not right, the satellite could start to rotate,
which could compromise the communication capacity with the ground
station or affect the homogeneous charging of the solar panels, leading
to a complete loss of the mission.

As seen in Fig. 3, the attitude control cycle has a period of 2000 ms.
The cycle starts with magnetometer readings acquired every 200 ms.
Subsequently, the control law executes to calculate the actions to be
applied on the magnetorquers with a deadline of 100 ms. After that, the
actuation is performed with a duration in the range of 0 ms to 500 ms.
Finally, it is necessary to leave a minimum of half a second without any
action to avoid interference between the magnetometers and the mag-
netorquers due to residual magnetic forces. The RL controller developed
and validated in this paper executes as an alternative control law (green
block in Fig. 3). Therefore, these requirements are also applicable, and
the RL controller must run between these time limits, with a period
of 2000 ms and deadline of 100 ms. For further information on the real-
time software architecture and implementation of the UPMSat—2 ACS,
the reader is referred to Cubas et al. [22], Zamorano and Garrido [23].

4.3. Training and validation environments

This section describes the materials used to train and test the
RL controllers. The environment was simulated using the ACS model
designed for UPMSat—2. This model was executed in the Windows-
2024b versions of MATLAB/Simulink from MathWorks. Fig. 4 depicts

the high-level blocks of the simulation environment. From left to right,
it can be explained as follows. The Sun block generates solar radiation
and the Earth block generates the Earth’s magnetic field. The Satellite
block represents the UPMSat—2 satellite simulating the ACS hard-
ware such as magnetometers and magnetorquers. The Perturbations
block simulates orbit and attitude perturbations including gravitational
torque, magnetic residual torque, and aerodynamic and solar radiation
forces and torques. The output signals from the Dynamics block are fed
back to the other blocks to complete the simulation loop. Finally, the
Outputs block computes additional information including the angular
velocity, Z-axis pointing.

The model was configured with a simulation step of 0.1s to comply
with the minimum intervals of the control cycle (see Fig. 3). The
simulations were configured with a maximum time of 30000s, which
consisted of the first 5 orbital periods after the separation from the
launcher. This allows us to evaluate the full behavior of the ACS,
from the detumbling phase to the stable phase, while also assessing
the RL agent ability to adapt to the non-linearities and uncertainties
inherent in satellite attitude control. To evaluate the RL controllers,
we obtained the following data with a period of 1s: angular velocity
(w), misalignment on the third Euler angle (6). The evaluations are
considered valid if the satellite maintains attitude objectives with an
initial angular velocity of w, = [0,0,0.1]rads™!; and the three Euler
angles set to [¢y, 0, wy] = [0, 30,60] °.

The RL controller was implemented using the available Mathworks
toolbox for RL [24]. This toolbox was used mainly for two reasons.
Firstly, the simulation environment from the UPMSat—2 ACS was al-
ready modeled in Simulink. Secondly, Mathworks provides advanced
tools for automatic code generation, such as Embedded coder, which
enables the transformation of the RL agent into source code to be em-
bedded in the On-Board Computers (OBCs). Therefore, this simplified
the integration of the agent into the existing simulation environment.

In terms of hardware, training, and validation of RL agents executed
on an “Intel 19-13900” processor featuring 32 GB of RAM and an inte-
grated graphics card “Intel UHD Graphics 770”. To further validate the
RL agent into a real-time embedded platform, we used the STM32F407
board. This board was chosen for its similarity to the processor used in
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Fig. 4. Simulink model for the satellite’s environment.

the UPMSat—3 and its proven reliability in a wide range of applications.
In addition, it offers a large number of interfaces, making it easy to
connect sensors, actuators, and other equipment. The board features an
ARM Cortex-M4 processor running at 168 MHz, 1 MB of flash memory,
and 192 KB of SRAM to execute the On-Board Software (OBSW).

4.4. Evaluation metrics

This section discusses the metrics used to quantitatively evaluate the
controller results. First, the settling time (r,,;) was defined as the time it
takes for the angular velocity to remain within 5% of the steady-state
value according to the requirements of the system. This allows us to
determine how fast the attitude has stabilized. Second, the accuracy in
each axis was measured using the Mean Absolute Error (MAE), Mean
Squared Error (MSE), and Root Mean Square Error (RMSE) as shown
in Eq. (4)—(6):

Tend
1
MAE,,, = —— NOIN 4
o = tzzxoleax.a ) )
1 Tend 2
MSE,y;s = fond — To ;0 (eaxis(t)) s 5)

RMSE,;, = /MSE,.. (6)

In these equations, the term e,,; (r) denotes the controller error at time ¢
for the X, Y, or Z axis; denoted by the subscript. To compute accuracy,
the error quantifies how close the angular velocity is to the setpoint
®?. In this case, e, () = @,(t) — a)adxis. Note that these metrics are
calculated over the time interval ¢, to f.,4. Consequently, their values
vary depending on the phase in which the controller is evaluated. For
the detumbling phase, the evaluation starts when the satellite separates
from the launcher and ends when reaching the settling time; therefore
to = 0s and 4 = t,. For the stabilization phase, the evaluation starts
after detumbling and ends after approximately five orbital periods;
therefore, 7, = 1, and 7,4 = 30000s. Finally, if the controller fails
to stabilize the satellite (7., = o), a complete evaluation is conducted
over the entire period; therefore, 7, = 0s and 7,4 = 30000s.

5. Reinforcement learning design: results and discussion

The design of a RL agent is a repetitive process that aims to
produce an agent that satisfies the demands of the system (in this case,

attitude control). For the sake of clarity, we refer to each repetition
in the development process as an iteration, which involves different
phases. Fig. 5 provides a high-level scheme of the workflow involved
in each iteration. As seen, the state space and data processing are
performed first as they remained constant among iterations, allowing
us to describe it only once. After that, iterations start in the design
phase, where the reward function and action space are defined. The
agent is trained and evaluated under the simulation environment, and
the results (including quantitative metrics and plots) are analyzed to
assess its performance, particularly focusing on the Actor network that
implements the control. These results allow us to determine whether
new iterations are required, and if so, they will serve as the basis
for the next iteration. It is important to note that this evaluation is
performed at the model level; therefore, it cannot be considered as a
full-validation. The non-functional requirements must also be satisfied
to fully validate the controller. The full validation is addressed later in
Section 6.

The next subsections describe the most relevant design decisions
made among iterations. First, Section 5.1 presents the design of the
state space including the processing of the raw data into derived data.
The three most important iterations are then presented in Sections
5.2, 5.3, and 5.4. The first iteration discusses the training results of
using a continuous action space, that is, real-valued actions. The second
iteration significantly improves the previous results by using a discrete
action space, that is, a fixed set of actions. Finally, the third iteration
ends with the best agent obtained after updating the reward function.
In general, the presentation of these iterations and the discussion of
their results illustrate design decisions that would be useful for similar
systems. Fig. 6 provides a high-level scheme for these three iterations.
Note that the state space design is not depicted in the figure as it was
kept constant among iterations.

5.1. State space and data processing

The first step before training was to formulate the state space as part
of the MDP model. In the case of the UPMSat—2, the magnetic-based
ACS included three 3-axis magnetometer that generate readings of the
Earth’s magnetic field. As explained in the control architecture (see
Fig. 3), five magnetometer readings are measured in the first second
of the control cycle. Considering the 3 axis, this results in a total
of 15 available data. The use of these data obtained through direct
observation generally does not provide any insight into the state of
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Fig. 6. Overview of the design-decisions and results on the three iterations.

the environment. Alternatively, the processing of data helps to obtain
a more compact and organized view of the system. For the RL agent,
we combined the acquired measurements to filter out part of the noise
by computing their mean value denoted as B. In addition to that,
these measurements were used to compute their derivative B, which
allows the controller to estimate the trend of the Earth’s magnetic field.
Besides, to allow the agent to understand which states are further from
the setpoint, the state includes the error between the angular velocity
 and its desired value ®¢ for each axis; denoted as ®? — w.

Based on this information, the state variable x consisted of nine
components: three for the derivative of the axes X, Y, and Z axes;
three for their averaged values; and three for their angular velocity
errors. As a summary, Table 3 highlights the main characteristics of the
aforementioned elements, including their physical meaning, minimum
and maximum values, and units. Before using the state variable as input
for the Actor and Critic networks, we needed to ensure that their values
were within a predefined range on similar scales. For that purpose,
data normalization is applied on the state variable. As seen in Table 3,
all numerical values of ACS are within well-defined ranges, therefore

Table 3
List of inputs to the actor containing data derived from the observation. In the case of
vectors; minimum, maximum, and units apply at the component level.

Input (x € R%)

Physical meaning Min Max Units

BeR? Derivative of the -8 x 10° 8 x 10° nTs™!
magnetometer readings.

BeR? Average of the -5 x 10° 5 x 10° nT
magnetometer readings.

o —weR? Angular velocity error 0 0.25 rads™!

Min-Max normalization was applied as follows:
X — X

norm = —————. %)

Xmax ~ Xmin

X

This operation scales the element x to x,.., € [0, 1] by using its min-

imum and maximum values denoted as x,,;, and x respectively. In

max?
general, using data normalization improves the stability and efficiency
of the learning algorithm, allowing better convergence and execution

of the process.
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5.2. Iteration 1: Continuous action space

For the initial iteration, we chose a continuous action space for
the output of the neural network. This design is the most intuitive
because it aligns with the architecture presented in Fig. 2, where the
controller produces a continuous signal m (magnetic moment vector).
Based on these considerations, the Actor network contains three output
neurons whose value represents the magnetic moment commanded to
each magnetorquer. This approach enabled us to map the continuous
action outputs to discrete PWM duty cycles using the method described
in Table 2.

Regarding the reward function, it was designed to align with the
attitude objective, which is to stabilize the satellite angular velocity to
the desired value o? = [0,0,0.1] rads~'. To evaluate this objective, the
errors between the desired and observed velocity (@) on the three axes
were defined as:

[XEl'l'Cl" Yerror’ ZEITOI'J = wd - . (8)

Since the reward value is one-dimensional, these three error terms were
unified by a summation as written in Eq. (9). The absolute value was
used to consider the magnitude of the errors without considering the
sign, which simplified the reward calculations.

a = [Xerror| + Yerror| + | Zerror |- ©)]

Considering this term, a basic reward function Ry, was defined as an
exponential decay function of the summed angular velocity error a.

Rpase = 1 — exp(2ra). 10)

The choice of this particular expression was given by three factors.
Firstly, the range of values of the input parameter (summed absolute
error in the angular velocity, a) is relatively small since their initial
values are bounded to a minimum of [-0.1,-0.1,—0.1] rads~! and a
maximum of [0.1,0.1,0.1] rads~!. Therefore, an exponential function
that changes rapidly with small changes in the abscissa is needed.
Secondly, the value of the reward should reflect that larger angular
velocity errors imply worse states. This is achieved by an inversely
proportional relationship, where large errors lead to lower rewards.
Fig. 7 shows that the basic reward function does not vary in the same
way when the error is within the range of 0 and 0.2rads™! compared to
0.3 and 0.5rads™!. Finally, this selection of this reward was supported
by the study of Elkins et al. [9] that demonstrated the effectiveness of
similar exponential functions for attitude control.

The hyperparameters used for this iteration are summarized in
Table 4. The agent was trained during 1000 episodes and 4000 steps
per episode. Each step corresponds to a control cycle of 2s in the
ACS, therefore the simulation time is 8000 s per episode. Regarding the
Experience Horizon and Minibatch size, their selection was influenced
by the hardware characteristics used for training, as larger values could

Journal of Systems Architecture 167 (2025) 103513

Table 4

Hyperparameters used during training.
Parameter Value
Number of episodes 1000
Number of steps per episode 4000 (80005s)
Clip factor e 0.2
Entropy loss weight 2e—-4
Experience horizon 1024
Minibatch size 512
Discount factor y 0.99
Advantage estimate method GAE (factor 0.95)
Actor learning rate 4, 1073
Critic learning rate A, 107+

Actor hidden Layers
Critic hidden Layers

400, 256, 200, 200 (ReLU)
400, 200, 200 (ReLU)

lead to storage issues due to the volume of generated experiences. After
different tests, we concluded that the values of 1024 and 512, respec-
tively, provided a balance between better performance and memory
usage. The discount factor was set to a relatively high value of 0.99
to ensure that the controller prioritizes both long-term and immediate
rewards. The Actor and Critic learning rates were set to 107> and 104,
respectively. As suggested in the previous literature, low learning rates
are suitable as starting points [1,9]. In addition, the Actor learning rate
was set smaller to the Critic to delay the training of the Actor until the
Critic is reasonably trained. This relationship has shown good results
in previous experiments [25].

Regarding the neural network topologies, the Actor and Critic net-
works were configured as a Multi-Layer Perceptron (MLP) with four and
three hidden layers, respectively. The neurons from the hidden layers
used the Rectified Linear Unit (ReLU) activation function: ReLU(x) =
max(0, x). This provided non-linearity relationships between inputs and
outputs. The neurons from the output layers used linear activation
functions, which are commonly used for regression problems. These
design choices were also influenced by the previous studies conducted
by one of the authors for the UPMSat—2 ACS [26], in which ReLU layers
obtained faster training times and comparable or better results than the
Long-Short Term Memory (LSTM) layers.

Fig. 8 presents the evaluation results of the agent trained in this
iteration. The figure shows the evolution of the angular velocity for
each axis. The setpoint @? is also shown for reference. The agent was
evaluated with an initial angular velocity of [0.1,—0.1,—0.1]rads~! and
Euler angles set to [0,30,60]°. The results show that the actuators
controlled by the network have effects in the satellite, but they are
insufficient to correctly stabilize the satellite’s rotation. Specifically, at
time 150005, ®, and @, approached values somewhat close to zero but
failed to maintain low errors. On the other hand, @, reached the set
point near time 44765, but it gradually accelerates over time, failing to
maintain stability.

For a quantitative evaluation of the agent, Table 5 shows the results
of the selected metrics applied to the complete simulation. Note that
these metrics represent the average errors on the control, therefore,
desired values are close to 0. Like the behavior shown in Fig. 8, the
metric values of the X and Y axes are very similar. In both axes, the
MAE presents values close to 5.0 x 10~2rads~' which are far from the
desired setpoint. Concerning the results on the Z axis, it is observed
that the error is larger and reaches a value of 3.5 x 10~ rads~!, which
clearly does not meet the system requirements.

With respect to possible improvements, increasing the number of
episodes to 5000 and the steps per episode to 5000 (10000s) did
not lead to better results in the agent’s performance. However, we
identified that the continuous action space involved a wide range of
possible actions. Specifically, the agent used IEEE-754 double precision
floating point format (64 bits), which implies 2 ~ 10! representable
values for each output neuron. This could limit the agent’s ability
to converge to an optimal solution during training. Therefore, a new
iteration was proposed focusing on discretizing the action space to
reduce the possible actions the network can take.
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Fig. 8. Evolution of the angular velocity per axis.

Table 5
Evaluation results of the Iteration 1. Metrics calculated from 7, = 0s up to .4 = 30000s.

Table 6

Desired values for MAE, MSE, and RMSE are close to 0.

Metric X axis Y axis Z axis
MAE 49x1072 5.8%x1072 3.5x%x107!
MSE 41x1073 43%x1073 1.4x 107!
RMSE 6.4x 107! 6.6x 1072 3.7x 107!
Lo [8] © ] ]

5.3. Iteration 2: Discrete action space

As mentioned in the previous iteration, the continuous action space
simplified the Actor network structure but increased the search space,
which impacts the convergence of the agent to a solution. For that rea-
son, this iteration presents a new approach by discretizing the output
actions into a finite set of values. In this discrete case, the output layer
would need to account for all possible combinations of PWM actuations.
As previously discussed in Table 2, each of the three magnetorquers can
take a value in the set +{0, 100,200, 300,400, 500}, resulting in 113 =
1331 possible combinations. With this configuration, the Actor network
would have 1331 output neurons, one per combination, which is still
a large action space. To reduce it even further, we analyzed the most
used actions of the nominal UPMSat—2 ACS. As shown in the Pareto
chart in Fig. 9, the three most used PWM duty cycles (above 85% of
occurrence) were selected for each magnetorquer. Consequently, each
can have five actuations in the subset {—500, —200, 0, 200, 500}.

Considering the three magnetorquers, this results in 5° = 125
possible outcomes, requiring the Actor network to have 125 neurons in
its output layer, where the most probable action is chosen. Therefore,
the set of actions can be written as A = {AO0, Al, ..., A124}, where
each action corresponds to a unique combination of duty cycles and
torque direction for the three magnetorquers. For example, the action
A0 would be translated into a PWM waveform with a duty cycle of
[500, 500, 500] ms in the negative direction, while the action A124 would
produce the same but in the positive direction.

Evaluation results of the Iteration 2 trained with configuration 1 and 2. Metrics
calculated from #, = 0s up to #,,4 = 30000s. Desired values for MAE, MSE, and RMSE
are close to 0.

Metric  Configuration 1 Configuration 2

X axis Y axis Z axis X axis Y axis Z axis
MAE 1.1x 107! 1.2x 107! 1.8x 107! 1.4x1072 13x1072  32x107?
MSE 17%x1072  19%x1072  40x1072  L1x1073  L1x1073 22x1073
RMSE 1.3x 107! 1.4x 107! 2.0x 107! 3.4x1072 33x1072  47x1072
o [S] © o © 8000 8000 ©

Apart from the action space, the state space, the reward func-
tion, and hyperparameters remained unchanged. In this iteration, the
agent was trained twice with different initial conditions, named ““‘Con-
figuration 1” and “Configuration 2”. The first training was config-
ured as in the previous iteration with an initial angular velocity of
[0.1,-0.1,—0.1]rads~! and Euler angles of [0,30,60]°. The evaluation
results of this first configuration did not lead to significant improve-
ments. As provided in the “Configuration 1” columns from Table 6, the
angular velocity did not converge to the desired values in any of its
axes (7, = o). In addition, the MAE in the three axes reached values
of 0.11, 0.12, and 0.18 rad s—'. Considering the initial angular velocities,
these values are far from the target error of 0. Similar behaviors are
observed in the MSE and RMSE metrics. Although these values are not
ideal for a functional ACS, the results on the Z axis are slightly better
than the results from the previous iteration.

The second training was configured with a lower initial angular
velocity of [0.05,-0.05,—0.05]rads~!. The idea was to facilitate the
agent’s training by using less strict conditions. The results are shown
in the “Configuration 2” columns from Table 6. Comparing the results
with “Configuration 1”, it is observed that all errors are smaller on all
axes. Comparing the results with those of iteration 1, it is observed
that the three metrics achieved lower errors. For example, the MAE
on the X and Y axes are five times better, and on the Z axis it
is about ten times better. Regarding the settling time, though the Z
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Fig. 9. Pareto chart for the actions of the nominal ACS in the UPMSat—2.

axis did not converge, the X and Y axes reached and maintained the
desired value after 8000s. To complement these results, Fig. 10 presents
the evolution of the rotation speed in each axis during the different
phases of attitude control; including detumbling and stabilization in
the left-hand sided figures. It is observed that the detumbling phase
is performed correctly in the three axes, reaching the desired value /.
However, the Actor network cannot maintain the speed in the Z axis
at values near 0.1rads~! after about 10000s. Despite these results, it
should be noted that the agent was trained in conditions other than
evaluation. This shows its ability to generalize knowledge in unfamiliar
environments.

In summary, the results for this iteration demonstrate that the
discrete agent achieved better results, especially when trained with low
angular velocities. In addition, the agent adapted well when tested with
higher velocities. It was also observed that when training with a higher
angular velocity, the agent did not reach acceptable results. Therefore,
the next iteration focused on improving these results by training with
higher angular velocities.

5.4. Iteration 3: Reward filtering

In the previous iteration we demonstrated that discrete action
spaces reduced the complexity of the network reaching better and
faster solutions. However, the improvements were observed only when
training and testing with low angular velocities. When the agent was
tested under higher speeds (as those found in orbit after separation
from the launcher), the agent did not behave as expected. This iteration
solves this issue by updating the reward function and maintaining the
discrete action space.

To identify which aspects of the reward needed modification, we
analyzed its evolution during Iteration 2. It was observed that when
the agent was trained under high angular speeds, the evolution of

10

the reward presented significant oscillations, preventing the agent to
act effectively. In contrast, when the agent was trained and evaluated
under low angular velocities, the reward evolved smoothly, enabling
the agent to stabilize the satellite. The Fig. 11 illustrates the evolution
of the reward function under these two configurations, namely “Ry,,.
low speed” and “Ry,, high speed”. Therefore, the new reward must be
designed to mitigate high-frequency oscillations, even if the satellite
starts with high initial angular velocities.

The new reward function was updated with a low-pass filter, specif-
ically, the moving average filter was used. It is commonly used in time
series analysis and digital signal processing because it smooths signals
by averaging a set of consecutive values, removing part of the high-
frequency fluctuations without altering the low-frequency components.
The new reward function can be written as follows:

1

Rfi]ter(mt) = 1/" Z Rbase(mr)’

k=t—n

an

where the window size n represents the number of past values taken to
compute the average. In this case, the window size was kept constant
with a 100 since this value covers one oscillation period in the reward.
It can be seen that the average is calculated on the base reward Ry,
previously defined in Eq. (10). Fig. 11 depicts the application of this
filtered reward under high initial angular velocities. It can be observed
that the filtered reward has fewer oscillations and shows a smoothness
similar to that of the base reward at low angular velocities.

Except for the reward function, the agent was trained with the same
hyperparameters, state, and action function. The initial conditions for
training were established to a high angular speed of
[0.1,—0.1,—0.1]rads~! and Euler angles of [0,30,60]°. The agent was
then evaluated with the same initial conditions with a duration of
30000s. The evaluation results are shown in Fig. 12. In the figures on
the left, it can be observed that the Actor network reduces the angular
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Fig. 10. Angular velocity evolution (per axis) for the RL agent trained with Configuration 2 in Iteration 2. Left: complete evolution over five orbits. Center: zoom in the detumbling

phase. Right: zoom in the stabilized phase.
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Fig. 11. Comparison of the base reward (Ry,,) under low and high initial angular velocities.

velocity on the three axis by about 8000 s (less than two orbit periods).
The figures in the center show that the three axes achieve the desired
setpoints; in particular, the rotation on the Z axis stabilizes faster, near
time 6500s. Similarly to the previous iteration, the figures on the right
show that during stabilization, the angular velocities on the X and
Y axes vary from —0.0025rads~! to 0.0025rads~!. It is also observed
that the rotation on the Z axis is slightly more dispersed with values
ranging from 0.08rads~! to 0.011rads~!. As explained in Cubas et al.
[22], the angular velocity around the rotation axis varies naturally with
respect to the setpoint. Therefore, these variations cannot be considered
a failure or inaccuracy of the controller.

The quantitative metrics of the evaluation results are shown in Table
7. It is observed that the X and Y axes stabilized at the same time as
in iteration 2, with slightly more variations in this iteration. However,
the results on the Z axis are remarkable, since the stabilization was
achieved earlier with a MAE of 2.2 x 1072, which is lower than in the

11

previous iteration. The MSE and RMSE exhibit similar behaviors. For
a detailed analysis, Table 7 also shows the metrics obtained in the
detumbling and stabilization phases. The metrics on the three axes have
similar values within the same order of magnitude in the detumbling.
During the stabilization phase, the errors on the X and Y axes have
similar values, while the errors on the Z axis are ten times bigger
compared to X and Y. For reference only, RMSE on Z was of 9.2x 1073
and on the X and Y axes it was of 1.1 x 1073, Despite this, it is a great
improvement, as the Z axis was not stabilized in previous iterations.

In summary, in this iteration, the reward function was updated
using a low-pass filter to reduce oscillations. The results demonstrated
that training the agent with this filtered reward led to a controller
that met the attitude control requirements. It is also remarkable that,
although the trained lasted 8000s, it generalized to unseen cases by
maintaining the setpoint throughout 30000s (around five orbital peri-
ods).
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Fig. 12. Angular velocity evolution (per axis) of the RL agent trained in Iteration 3. Left: complete evolution over five orbits. Center: zoom in the detumbling phase. Right: zoom

in the stabilized phase.

Table 7

Evaluation results of Iteration 3. Left: complete evolution over five orbits. Center: zoom in the detumbling phase. Right: zoom
in the stabilized phase. Desired values for MAE, MSE, and RMSE are close to 0.

Metric ~ Complete Detumbling Stabilization

X axis Y axis Z axis X axis Y axis Z axis X axis Y axis Z axis
MAE 161072 15x1072  22x102  59x1072 56x102  59x103  85x10* 86x10* 7.6x1073
MSE 14x1073  13x107°  21x107%  54x107°  48x107°  75x107%  12x10° 13x10°° 86x107°
RMSE  38x1072 3.6x102 45x1072 73x102 69x102 87x102 11x1073 11x107% 92x1073
e [s] 8000 8000 6500 - -

6. Validation of the embedded controller

This section describes a relevant and initial set of validation ac-
tivities carried out to ensure the correctness of the RL controller in
a more realistic scenario including embedded hardware and software.
This work aims to pave the way for future experiments to verify the
use of neural networks in safety-critical space systems. The verification
and validation setup used in this experiment is representative of a real
satellite.

The following sections include the verification of some pertinent
requirements that were extracted from standards applicable for space
systems (ECSS-Q-ST-80C [27] and ECSS-E-ST-40C [28]). Therefore, the
RL agent shall comply with the requirements and guidelines of these
standards. Section 6.1 represents the setup of the evaluation platform
used for the tests. These tests include (i) the functional validation of
the result in a real processor, (ii) analysis of automatically generated
code, and (iii) evaluation of the technical budget in terms of processor,
memory use, and timing analysis. Sections 6.2, 6.3, and 6.4 describe
these three activities in detail, respectively.

6.1. Description of the embedded platform

In order to validate and verify the model, a representative version
of the satellite OBSW was developed on top of the embedded system.

One of the main purpose was to have a initial setup to explore the
integration of neural networks in future space systems. The OBSW
of the UPMSat-2 used the Ada programming language and the Open
Ravenscar Real-Time Kernel (ORK) execution environment [29] on top
of a LEON3 processor. These restrictions of the programming language
ensured the temporal schedulability and predictability of the system.
For the tests presented in this study, a similar platform was used, with
a port of the ORK for the ARM Cortex-M4 processor. This is convenient
as the UPMSat—3 will have a similar processor, although with more
computational power.

In particular, the representative version of the satellite included the
most relevant tasks whose periods and deadlines were those of the
UPMSat-2 [8], as follows:

» Housekeeping: This task reads a temperature sensor (embedded
in the board) and stores its value in the Storage protected object.
It runs with a period of 1000 ms.

Telemetry, Tracking, and Command: This task is responsible for
the communication with the ground. It reads the temperatures
from the Storage and sends it to the ground station by a Universal
Asynchronous Receiver Transmitter (UART) interface. It runs with
a period of 10000 ms.

ACS: This task executes the attitude control. Specifically, it im-
ports the neural network code (autogenerated in C) and performs

12
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Fig. 13. Configuration of the validation on an embedded system. In the figure, MGM
refers to magnetometers and MGT to magnetorquers.

an inference to the Actor. The inputs and outputs are transmitted
via UART interface to the simulation environment. It runs with a
period of 2000 ms with a deadline of 100ms, as described in the
control loop (Fig. 3).

Fig. 13 illustrates the setup of the test. The board runs the OBSW
and is connected via serial port to a host computer, which runs the
Simulink simulation model of the UPMSat—2. This configuration allows
us to simulate the physical environment found in orbit and exchange
the state and actions with the neural network executing on the board.

6.2. Functional validation

The ECSS-Q-ST-80 standard [27] (Section 6.3.5) includes require-
ments for testing and validation. In this subsection, we describe the
functional tests, in which the behavior of the system is compared to
the requirements baselines. As a remainder, the main requirement of
the UPMSat—2 ACS is to reach an angular velocity of [0,0,0.1]rads™!.
This functional requirement was previously verified at the model level
in MATLAB as part of the evaluation in each iteration. The next step is
to verify that the RL agent maintains the functional validity executing
in a real-time embedded system. In the literature, this step is commonly
known as processor-in-the-loop validation.

The validation results in Fig. 14 show that the performance of the
agent in the embedded system is similar to the results obtained in the
simulation environment. In both cases, the angular velocity is stabilized
in the three axis to the desired values. In the case of the Z axis, the
same oscillations are seen around the setpoint value, but again, they
are negligible as they are slow and confined between +0.05 rads~!. This
test allowed us to verify that the functional behavior of the RL model
is still valid after embedding it on a real processor.

6.3. Evaluation of the automatic generated code

The MATLAB automatic code generation tool was used to transform
the RL agent into C code to facilitate its deployment in a embedded
system. In this context, the ECSS-Q-ST-80 standard [27] (Section 6.2.8)
requires evaluating code metrics and tool configuration, including pa-
rameters for customization and its compliance with standards. This
subsection includes the explanation of the tools and characteristics used
for those purposes.
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Table 8

Static analysis results of the autogenerated code from the neural network.
File name LOC Stmts. Max Comp. Max Depth
callPredict.c 43.303 42 7 2
FullyConnectedLayer.c 70 18 2 2
make_prediction.c 68 23 3 2
make_prediction_data.c 19 3 0 0
make_prediction_initialize.c 30 8 1 1
make_prediction_rtwutil.c 277 176 15 5
make_prediction_terminate.c 29 7 1 1
predict.c 32 6 1 1
rt_nonfinite.c 70 18 1 1
rtGetlnf.c 58 10 1 1
rtGetNaN.c 43 6 1 1
SoftmaxLayer.c 70 38 14 4

The controller obtained in Section 5 is a RL agent that contains
a neural network (the Actor) capable of effectively controlling the
satellite’s rotation. After having validated its behavior in a simulated
environment, the next step would involve transforming this model
into source code that can be deployed on the embedded computer. As
previously stated, MATLAB provides the functionality to automatically
transform the neural network into C99 source code. The code generator
was configured to comply with the MISRA C:2012 coding standard from
the Motor Industry Software Reliability Association (MISRA) to restrict
the usage of unsafe coding practices like dynamic memory and implicit
type casting. The tool was also configured to protect against arithmetic
exceptions like division by zero.

The aforementioned standard and ECSS-E-ST-40C [28] (section 5.8)
propose verification of code activities that should be performed to
obtain a evaluable collection of metrics. The static analysis tool Source-
Monitor was used to obtain the values of those metrics for all the 12
files generated by MATLAB. Results can be observed in Table 8. The
analyzed metrics are lines of code (LOC), statements (Stmts., lines that
end with a semicolon), maximum complexity (Max Comp., maximum
number of control statements in a function like if/else) and maximum
depth (Max Depth, maximum number of nested control statements
in a function). For more information on these metrics, the reader is
recommended to read the software metrication guidelines from the
ECSS-Q-HB-80-04A handbook [30].

The ECSS-Q-HB-80-04A handbook also includes a set of reference
values for those metrics based on experiences from real projects and de-
pending on the criticality category of the analyzed code, from the least
(level D, minor or negligible) to the most critical (level A, catastrophic).
The proposed values are included in Table 9 and should be considered
as indicators as they may not be appropriate for every project. For
instance, the LOC metric in the neural network generated code does not
match the estimated values. In particular, the file “callPredict.c” has
43.303 lines, which is larger than the range suggested in the handbool
(between 50 and 75). In any case, the code generator toolset should be
qualified for use in a safety system.

Regarding the maximum complexity, “make_prediction_rtwutil.c” is
the most complex file with a value of 15, which means that there is
a function that contains 15 control statements in its code. This kind
of statements increases the level of complexity of the code as more
possible paths are introduced in the execution of the program. Although
the value obtained is not very high, it would only satisfy the criticality
category C, referring to critical systems that could cause a degradation
in mission quality. In the case of the maximum depth or nesting level,
the code in the “make_prediction_rtwutil.c” file has a peak value of
5. This satisfies all levels of criticality. As stated before, compliance
with these values should be taken as an indicator, not a mandatory
requirement.
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Fig. 14. Results of the processor-in-the-loop validation performed with the STM32F407.

Table 9
Reference values for the software metrics proposed in ECSS-Q-HB-80-04A [4].

Metric Criticality category

A B C D
LOC 50 50 50 75
Max. Comp. 10 10 15 20
Max. Depth 5 5 5 7

6.4. Technical budget and timing analysis

The ECSS-E-ST-40C standard [28] (section 5.8.3) indicates that
the software product shall be analyzed in terms of memory size and
processor utilization to ensure a predictable behavior. For this reason,
the code footprint and timing characteristics must be checked and
compared with the margins of the system. Firstly, regarding memory
bounds, the executable occupied approximately 370kB of memory.
With the UPMSat—2 OBC having 2MB [8] of memory, the code is
well suited in terms of size. In addition, UPMSat—3 has more powerful
features with up to 32MB of memory, so the size of the experiment
should not be a problem in both cases.

Secondly, with regards to the timing analysis, the Open Toolbox
for Adaptive WCET Analysis (OTAWA) [31] tool was used to calculate
the Worst-Case Execution Time (WCET) for the execution of the neural
network. This tool analyzes the executable statically and returns the
number of processor cycles that it takes to follow the longest execution
path. OTAWA is open source and straightforward tool, but it tends to
be pessimistic as it considers the theoretical longest combination of
paths, even if in practice they are never going to be executed. However,
they are useful to ensure a top limit execution time that will not be
surpassed. In the case of the ACS, the number of cycles obtained for the
longest theoretical path was 12.421.975. Knowing that the processor
has a frequency of 168 MHz (cycles per second), the resulting WCET
with OTAWA was 73.9 ms. To obtain a more realistic approximation, a
dynamic test was also performed by measuring the execution time of
thousands of inferences to the neural network in the real processor. The
resulting average maximum execution time was 9.72 ms.

Compared with the control cycle shown previously in Fig. 3, the
controller had a period of 2000ms and a deadline D,cg = 100ms
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to decide the actions applied to the magnetorquers. In the represen-
tative version of UPMSat—2 that was made for these validation and
verification activities, there are no interferences between the ACS task
and the other two, so the response time of the ACS task (Rycg) is
considered to be the same as its WCET (Cpcg = 73.9ms), therefore
Rycs = 73.9ms. Since the response time of the task is less than the
deadline Rycg < Djcs, the system would execute in time and can be
considered as schedulable. In future experiments, when the UPMSat—3
system is available, a detailed response analysis should be performed
with all tasks, similar to the study by Zamorano and Garrido [23]. In
addition, the WCET is expected to decrease significantly due to the
better performance of the processor in the UPMSat—3 and the use of
more qualified toolsets such as RapiTime. These toolsets provide a safe
upper bound on the WCET while minimizing pessimism.

The results obtained are very promising, providing initial insights
into the feasibility of using neural networks in safety-critical systems.
The most important result of this analysis is that the obtained RL agent
was proven to be both timely and spatially bounded and deterministic,
while keeping the functional behavior executing in an embedded sys-
tem. This time and memory determinism is a necessary condition for
the schedulability of the system.

7. Conclusions

This paper demonstrates the successful application of a RL agent
in the ACS of an experimental satellite, achieving the desired control
behavior. Beyond the results obtained, the decision-making process and
design challenges faced during development are also documented. First,
the reasons for the choice of inputs for the neural network and data
pre-processing were introduced. Second, the selection of an appropriate
reward function with a detailed explanation of its mathematical repre-
sentation and its impact on agent performance. Third, a comparison
between continuous and discrete action spaces was made, concluding
that, for this case study, discretizing the agent’s actions obtained better
results. Fourth, a slight modification of the reward function using a
moving average filter led to the final model with promising results.
In addition, each step is supported by both graphical and quantitative
metrics to validate the agent’s performance.
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Lastly, the paper includes a preliminary validation test in which
the neural network was executed on an embedded system. The trained
agent was transformed into a lightweight, standalone C program using
MATLAB’s automatic code generation tool. Not only was the generated
code proved to perform as well as the simulation, but it was capable
of running within the limited resources of the embedded board by
means of time analysis, memory and processor utilization. The authors
acknowledge that these positive results would help in the development
of future systems, although more research is needed to study the
integration of ML techniques into safety-critical systems.

In conclusion, this paper is intended to be a beneficial resource
for similar works combining AI/ML with embedded control systems,
as it provides insights and lessons learned throughout the process of
developing an effective model. While the proposed solutions may not be
universally applicable to all RL problems, the authors believe that many
of the ideas presented can be adapted and reused in related contexts.

8. Future work

The presented work focused on the development and validation of
an RL attitude controller in a simulation environment and an embed-
ded computer. A further step towards full verification and validation
would be to perform the hardware-in-the-loop validation. This would
allow us to verify the behavior of the neural networks in a physical
platform; including sensors and actuators, electronic boards, and test
beds simulating conditions found in orbit. Work is underway to prepare
the dynamic test bed available at IDR-UPM facilities for the attitude
control of the future UPMSat—3. In addition, it would be interesting to
incorporate multiple objectives as part of the reward function, includ-
ing energy consumption and generation. In this way, the agent would
learn to control the attitude while optimizing performance. Another
interesting research line is to generalize the lessons learned in this
paper so that they can be applied as a systematic methodology for
other safety-critical and real-time control systems. Although the work
presented already serves as a basis for the future development of the
ACS in UPMSat-3, obtaining a generic methodology will be valuable
for studies other than attitude control.
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