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Abstract

This work presents the design of an attitude control experiment for onboard OPS-SAT-1
satellite execution, conceived with inherent extensibility to future mission architectures.
OPS-SATs are ESA nanosatellite mission series designed as an in-orbit testbed for validating
novel software and control techniques under real space conditions, OPS-SAT-1 being
the first mission. Equipped with an advanced payload computer, OPS-SAT-1 enabled
experimentation with innovative mission operations, including real-time attitude control
strategies. Two attitude control algorithms, a modified Proportional-Integral-Derivative
(mPID) and a fuzzy logic controller, were designed and implemented for the OPS-SAT-1.
The design methodology applied to these controllers consisted of (i) modelling the space
environment and satellite characteristics, (ii) assessing actuator feasibility, (iii) determining
the operational ranges for attitude error and angular velocity, (iv) parametrizing controllers
within these ranges, (v) fine-tuning controllers using multi-objective genetic optimization,
and (vi) robustness analysis using the Monte Carlo method. Despite the technical issues
related to communication with the OPS-SAT-1 hardware, which prevented the execution of
the experiment in orbit, this work presents the simulation results that were obtained. These
results indicate that fuzzy logic controllers may outperform PID controllers in terms of the
accumulated error, settling time and steady-state error, whereas power efficiency appears
to be less robust than in the PID. This suggest that a large uncertainty in the model could
lead the PID to become more efficient. Near the nominal scenario, the fuzzy controller
achieves superior error—cost trade-offs, enabling precise attitude stabilization with lower
energy consumption. These findings suggest the potential advantages of modern control
approaches compared to classical methods, which will be further assessed through future
in-orbit experiments.

Keywords: attitude control; fuzzy logic; nanosatellite; genetic optimization; multi-objective
optimization; quaternion parametrization

1. Introduction

The evolution of the space sector over the last two decades has been marked by a
paradigm shift towards platform miniaturization, giving rise to nanosatellites and, specifi-
cally, the CubeSat standard. These small satellites, typically weighing between 1 and 10 kg,
have transitioned from educational tools to sophisticated platforms for Earth observation,
telecommunications, and scientific research [1]. However, this trend towards miniaturiza-
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tion introduces significant engineering challenges, particularly in the design and imple-
mentation of the Attitude Determination and Control Subsystem (ADCS). This is especially
critical for mission success because maintaining a precise orientation in space directly
affects solar panel alignment, antenna pointing accuracy, and payload stability.

In the Low Earth Orbit (LEO) environment—where most nanosatellites operate—the
spacecraft is exposed to various environmental disturbances, including aerodynamic drag,
solar radiation pressure, magnetic residual dipoles, and gravity gradient torques. These
nonlinear effects complicate the design of robust and efficient control algorithms. Conse-
quently, improving the performance of the ADCS is not just a technical enhancement but a
mission-critical necessity.

Traditionally, classical controllers such as Proportional-Integral-Derivative (PID) al-
gorithms [2—4] have dominated space applications due to their simplicity and proven
reliability. Although effective near equilibrium points, these controllers often struggle
with the nonlinear and time-varying nature of real-world orbital dynamics [1]. In recent
years, more advanced strategies have expanded, such as He control [5], Sliding Mode
Control [6,7], Model Predictive Control (MPC) [8-11] and Artificial Intelligence (Al)-based
techniques, including fuzzy logic [12-18] and neural networks [19-21]. Among these, fuzzy
logic stands out for its ability to handle nonlinear systems while requiring relatively low
computational resources.

Fuzzy Logic Control (FLC), grounded in Zadeh'’s theory of fuzzy sets [22], allows for
flexible rule-based control that mimics human reasoning and accommodates uncertainties.
Despite its theoretical advantages and demonstrated success when used for satellite attitude
control [1,23-26], the adoption of FLC in aerospace has been limited, mainly due to the
conservative nature of the space industry and the high reliability standards required for
flight systems. For FLC to be considered viable, extensive simulation and, crucially, in-orbit
validation are essential.

This study addresses this gap by presenting the design, simulation-based evalua-
tion and implementation of a fuzzy logic-based ADCS for the OPS-SAT-1 mission of the
European Space Agency (ESA). OPS-SAT-1 was a 3U CubeSat designed as an open and
reprogrammable platform for testing experimental software in orbit. Its architecture en-
sures satellites’ safety during experimental runs, making it an ideal testbed for innovative
control strategies.

Our proposed experiment involved implementing two control strategies onboard
OPS-SAT-1: a fuzzy logic controller and a modified PID (mPID) controller. Both controllers
were tuned using multi-objective genetic optimization based on a satellite dynamics model
adapted for OPS-SAT-1. The performance metrics evaluated included point accuracy, re-
sponse time, and energy efficiency—key considerations for missions with limited power
budgets. The experiment was configured to execute a predefined sequence of attitude
maneuvers using each controller. Together with the controller design, a novel in-orbit appli-
cation was built on the ESA Nanosat Mission Operations Framework in Java. Although the
experiment could not be successfully executed due to an I2C communication issue onboard,
the developed application can be readily implemented on any satellite adopting a similar
pointing strategy and based on the same Service-Oriented Architecture, which constitutes
the baseline architecture for upcoming ESA nanosatellite missions [27]. The same applies
to controller design; the methodology adopted in this work is readily transferable to other
spacecraft platforms. Consequently, the experimental design is directly reusable for future
platforms, in particular, for future OPS-SAT, VOLT, ORIOL or PRETTY missions.

The article is organized as follows. Section 2 presents the OPS-SAT-1 platform and the
simulation environment. Section 3 describes the design and tuning of the controllers. Section 4
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presents the main results derived from the numerical simulations. Section 5 describes the
experimental protocol. Finally, Section 6 presents the discussion and conclusions.

2. Materials and Methods
2.1. Experimental Platform

OPS-SAT-1 was a 3U CubeSat developed by the ESA to serve as a highly flexible
in-orbit laboratory for the validation of experimental mission software [28]. Unlike typ-
ical CubeSat, which is often limited by its onboard processing capabilities, OPS-SAT-1
was equipped with a cutting-edge flight computer that offered significantly enhanced
performance and reconfigurability. This capability enabled the real-time execution of
complex algorithms and the remote modification of onboard applications, making it ideal
for testing advanced control strategies, including those not yet qualified for flight in
operational missions.

The mission architecture included safety mechanisms to ensure that the satellite could
recover from anomalous behavior caused by experimental software. This fault tolerance
was critical for allowing unproven control algorithms to be evaluated in a real space
environment without risking mission failure. The OPS-SAT-1 subsystem design, which
included a high-precision ADCS, supported experiments that required fine control authority
and telemetry resolution.

The characteristics that define this scenario are summarized in Table 1.

Table 1. Parameters of OPS-SAT-1 simulation scenario.

Parameter Subparameter Value Unit
Satellite Characteristics
Y-Positive Panel 0.01 x 0.2 x 0.3
Geometry Central body 01x01x03 [m]
Y-Negative Panel 0.01 x 0.2 x 0.3
+6.58 x 10t1 4258 x 1073 42.34 x 107!
Inertia matrix +258x 1073 +5.65x 1071 +545x 1072 x 1073 [kg-m?]
4234 x 107! 4545 x 1072 4+1.65 x 10!
Max speed 10000 [rpm]
6 x Reaction wheels Max torque 1.0 x 1074 [N-m]
Max momentum 1.5465 x 10~° [kg-m2]
3 x Magnetorquers X, Y axes 02 [A-m?]
Z axis 0.1
Drag coefficient 2.0 N/A
Reflectivity coefficient 1.0 N/A
Residual dipole 11 1]x1077 [A-m?]
Orbital Characteristics (from TLE data)
Eccentricity 0.0013748 N/A
Inclination 97.4697 [deg]
Right ascension 141.5292 [deg]
Argument of perigee 186.0985 [deg]
Mean motion 15.1579775 [rev/day]
Mean anomaly 174.0082 [deg]
Initial epoch 22 March 2021 22:45:00 UTC

The geometry and inertial properties of the satellite are modeled in detail as part of
the simulation framework for the experiment (see Section 2.2). According to the platform
data, the OPS-SAT-1 structure comprises a central body with dimensions of 0.1 x 0.1 x 0.3 m?
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and two lateral panels of 0.01 x 0.2 x 0.3 m3 (see Figure 1). All the faces of the satellite are
equipped with solar cells; however, the main solar array is located on the — X face of OPS-
SAT-1 (see colored axes in Figure 2). On the opposite face (+X), the star tracker sensor is plcaed.
The +/—Y axis corresponds to the direction in which the satellite’s lateral panels have been
deployed, forming a relatively large surface parallel to the YZ plane. The +/—Z direction
defines the longitudinal axis of the satellite, with the +Z face hosting the deployable UHF
antenna. Tthe L-band antenna—primarily used to monitor OPS-SAT-1 is located on the —Z
face. In the nominal attitude mode, the satellite is required to keep its Z axis of the body
aligned with the local vertical, with the negative direction (—Z) pointing towards the nadir.
This orientation maximizes the performance of the primary communication antenna, ensuring
its optimal connectivity with ground stations. In addition to this constraint, the satellite must
minimize the solar incidence angle with respect to the YZ plane, i.e., it should maximize the
solar flux incident on the face containing the main solar array (—X face), which is nominally
aligned with the Sun’s direction.

Q' -
W .

Figure 1. OPS-SAT-1 during testing of its solar arrays at the Graz University of Technology, Austria.
Courtesy of ESA, OPS-SAT team and TU Graz.

Figure 2. Diagram of OPS-SAT-1 showing the front view and the triad parallel to the body frame.

It is important to highlight the significant variation in the exposed surface area of the
satellite depending on its orientation. This “wetted surface area” is a key parameter when
considering the effects of aerodynamic and solar radiation pressure perturbations. In the
nominal attitude, the —Y direction forms a relatively small angle with the orbital velocity
vector, resulting in an aerodynamic wetted surface area of approximately 3.0 x 1072 m?2.
Rotations around the Z axis increase this value, potentially reaching 1.5 x 107! m?. In

contrast, rotations around the X axis can reduce it to 1.0 x 1072 m?2. A similar trend is
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observed with solar perturbations: in the nominal attitude, the —X direction forms a small
angle with the solar vector, producing a solar-wetted area of approximately 1.5 x 10~! m?.
Rotations around the Z and Y axes can decrease this solar-exposed area to 3.0 x 1072 m? and
1.0 x 1072 m?, respectively. Awareness of the potential magnitude of these perturbations is
essential to ensure that the satellite’s actuators are capable of counteracting the resulting
disturbance torques under the most adverse conditions.

The ADCS of OPS-SAT-1 includes six reaction wheels arranged in a redundant config-
uration, with a maximum speed of 10,000 rpm and a torque capability of 1.0 x 1074 N - m.
This configuration allows for precise three-axis control and enables the application of com-
plex attitude maneuvers without the risk of actuator saturation under nominal conditions.
Furthermore, OPS-SAT-1 includes three orthogonal magnetorquers used for momentum
unloading and coarse attitude correction. The inclusion of both types of actuator enhances
the controllability of the satellite and allows for comparative studies of the control efficiency
under various disturbance rejection scenarios. These actuators will be leveraged during the
experiment to test both the mPID and fuzzy logic controllers in a range of pre-programmed
maneuvers (see Section 5 for more detail).

The satellite was injected into a 6-18 Sun-synchronous orbit (also known as a “dusk—
dawn” orbit), in which the sub-satellite point follows the Earth’s regions transitioning
between day and night. In this orbital configuration, the Sun direction remains approxi-
mately 90° from the local vertical and lies in a direction normal to the orbital plane. Ideally,
this results in a zero solar incidence angle relative to the —X face, which hosts the primary
solar array. However OPS-SAT-1 lacks onboard propulsion and therefore cannot perform
orbital corrections. As a result, minor injection errors during launch or the long-term
accumulation of orbital perturbations may lead to a non-zero solar incidence angle on the
main solar array. In practice, OPS-SAT-1 can reduce its angular velocity and reorient itself
using stored battery energy without needing to adjust the orientation of its solar panels.
Nevertheless, the described reference system is used to define and constrain the satellite’s
nominal orientation states.

2.2. Simulation Environment

To be able to tune and test different algorithms in the control block, it is necessary to
have a plant on which to act. In the aerospace industry in general, and particularly when
designing satellite attitude control algorithms, it is not feasible to use the real plant for
testing purposes. In addition, during the early stages of design, many of the satellite’s
design parameters are only loosely defined, which means that they may be updated or
changed radically at some point. These changes can have a critical impact on the attitude
control system.

For all these reasons, it is essential to have a simulator that models the satellite
specifications, its rotational dynamics, and its environmental conditions, but above all that is
capable of modifying and adjusting its simulation conditions in response to design changes.
This type of simulator can range from simple rigid-body equations in a vacuum to complex
simulators that include numerous disturbance elements, as well as more comprehensive
satellite models.

For the design and verification of the attitude controllers studied in this work, a
numerical simulation platform has been used, developed from the DKE simulator (Dy-
namics, Kinematics and Environment) used in [1], but including the characteristics of the
OPS-SAT-1 operational scenario. The moment of inertia tensor, the actuator’s performance
characteristics (reaction wheels and magnetorquers), and other physical parameters of
the OPS-SAT-1 were integrated into the simulation environment to replicate the flight
conditions as accurately as possible. This numerical environment acts as the plant that,
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through simulations under different operational and environmental conditions, transforms
the output signals of the attitude controller into a new state of the system.

The simulation environment models the following elements of the control loop shown
in Figure 3: the sensor and attitude determination blocks; the actuator block; and the
environment, which includes the attitude dynamics of the vehicle as a function of its mass
properties and external torques. The model has been simplified to focus only on the effect
that having different control signals has on the performance of the attitude system. Figure 3
outlines how the simulator’s capabilities have been simplified. It has been assumed, within
the simulations, that the satellite has knowledge of the true state of the system, that is,
that the sensor and determination blocks are treated transparently, without modeling the
errors or delays in the attitude signal. With respect to actuators, it has been assumed that
their behavior is linear with respect to the control input signal but taking into account
the saturation limits. That is, the control signal is considered to perfectly modulate this
actuation variable within the predefined operational limits of each actuator.

Modelerrors Disturbances d(t)

Out-delay

Controller Control u(t)—> Actuators Actuation a(t) Plant Process

Error e(t)

Driver Reference r(t)—
Output o(t)

State’y(t)

Determination i Sensors Measurables i(t)——

H |
Modelerrors Noise
H 1

Figure 3. Schema of the simulation environment.

Simulations have been performed using @MATLAB R2022a. The simulation environ-
ment for both controllers is the same; the only difference is the content of the “controller”
box. The controllers compute the control signal, #, by monitoring an input signal: the error
signal, e. This signal is constructed in the “driver” block as the difference between the
process variable to be controlled, y (the output of the determination block), and a reference
signal or a “set point”, r. In a real control process, all signals that are functions of time ¢
(actuations a, disturbances d, outputs 0, and estimated variables i) are truly continuous-time
functions. However, in the simulator, these functions are not continuous, but are rather
samples of values at intervals given by the simulation time step, At. Similarly, both in a real
control process and within the simulator, signals that are functions of time 7 (the state y,
the reference r, the error e, and the control u) are discrete values spaced by the control time
step At. Throughout all the simulations presented in this work, the control time step has
been imposed to be at least one order of magnitude larger than the simulation time step;
that is, At = o(AT).
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The environment model implements a numerical integrator of the typical dynamic
Euler equations of a rigid body that contains momentum exchange devices (inertia wheels):

w = (Ig)_l ! (T —w X (IE ! w) + TC,int + TD,int)/ (1)
N B
Tcint = — Z(Ii W), )
i=1
N B
Tpin = —w x Y (I} - w;); 3)
i=1

where w is the satellite angular velocity, I is the inertia tensor of the satellite calculated
with respect to its center of mass, T is the external torque, T¢ ;; is the internal control torque,
Tp int is the internal disturbance torque, I iB is the inertia tensor of each momentum exchange
device calculated with respect to the center of mass of the satellite, w; is the angular
velocity of each momentum exchange device, and N is the total number of momentum
exchange devices that the satellite has. All vectorial quantities are expressed in body
coordinates. For the external torque’s contribution to dynamics, the usual four main
disturbance contributions have been taken into account: aerodynamic drag, solar radiation
pressure, gravity gradient, and residual dipole. These equations are closed with

dqip

it %E“B * {0 “’]

with q7p being the attitude quaternion of the inertial frame with respect to the body frame.

3. Controller’s Design
3.1. Default Controller

The purpose of this controller is to standardize the initial conditions of the experiment
to be conducted on OPS-SAT-1, specifically by ensuring that the maneuvers can begin with
a sufficient actuation capacity to be completed without saturating the angular velocity of the
reaction wheels. Additionally, it aims to align the body reference frame with the nominal
attitude reference—determined by the Sun and nadir directions—so that the maneuvers
start as close as possible to zero attitude error.

This controller is essentially a full fuzzy controller, that is, one fuzzy controller for each
body axis, calibrated using the low-cost configurations identified during the optimization
process described later. The low-cost configuration was selected because, by definition, it
is the one that exerts the least demand on the actuators of the satellite, thus minimizing
saturation, which is one of the primary objectives of this phase. What distinguishes this
controller from the fuzzy controllers used during the main experiment is that this one
activates the reaction wheel desaturation algorithm in parallel with the standard attitude
control carried out by the wheels themselves. What truly characterizes this phase of the
experiment is the specific maneuver for which this controller will be used.

Default Maneuver

This maneuver is executed before each pair of experimental maneuvers (see Section 5).
It consists of three main phases:

¢ Alignment with the magnetic attitude reference: At the start of the maneuver, the
control module stops computing the error quaternion as the difference between the
nominal and current attitudes and instead calculates it as the difference between the
magnetic reference and current body attitude. In other words, the reference frame
switches to a magnetic attitude reference, which is defined by the direction of the local
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magnetic field and the nadir direction, with the third axis completing a right-handed
frame. Along with this reference change, the control system also selects the calibrated
low-cost fuzzy controller and activates the reaction wheel desaturation algorithm.

¢ Reaction wheel desaturation: The desaturation algorithm is active from the beginning
of this maneuver phase. The magnetic reference is followed because it maximizes
the magnetic torque that the satellite’s magnetorquers can generate. These devices
generate torque in the plane perpendicular to the local magnetic field. By aligning
the body frame with the magnetic reference frame, the magnetic torque generated
is maximized. This reduces the time needed to desaturate the wheels. Once their
speeds drop below 10% of maximum, the satellite performs a 90° rotation about the
Z axis, aligning the Y axis with the magnetic field. This new orientation maximizes
magnetic torque in the XZ plane, helping to desaturate the remaining wheels. Once
all wheels are spinning below 10% of their maximum speed, the next phase of the
maneuver begins.

* Re-alignment with the nominal attitude reference: After wheel desaturation, the
controller re-establishes the nominal attitude reference. The low-cost fuzzy controller
reorients OPS-SAT-1 to its nominal attitude. Once both the attitude error and its
derivative are nearly zero, the experiment proceeds with the planned sequence of
quantitative maneuvers. This ensures that actuator saturation is neutralized and that
the initial conditions for all experimental maneuvers are standardized.

3.2. mPID Controller

An mPID was chosen as a representative classical control theory for this study. The
controller’s flow chart is shown in Figure 4.

fcnControlModifiedPID

I_ ModifiedPID Axis X -I

€2

Error e(t) ModifiedPID Y
\—e% ModifiedPID Z U

Control u(t)

A

Figure 4. mPID controller flow chart.

The input signal of the controller, e(7), which consists of three components: ej, e, and
e3, must be constructed according to the following procedure. First, the quaternion error
is obtained:

Oe

0 .
e = 4RI *4IB = COSEE ngsmE

where * denotes Hamilton product, qg; is the attitude of the reference frame with respect
to the inertial frame, 0, is the three-dimensional angular error between the two reference
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frames, and #, is the unit vector that defines the rotation axis. The error components along
the body axes are given by the following vector:

e = n, si Oe
= n sin| -

Each one of them is the orientation error between the three principal body axes (X, Y,
and Z, respectively) of the satellite and their desired orientation (the reference). The output
signal of the controller, u(7), also consists of three components: 11, u and u3. Each one is
the torque actuation needed in each of the body axes to align them with the reference. The
outputs are within the range [—1, +1], so they modulate the operation of the controllers
from their maximum negative torque to their maximum positive torque, including the
application of zero torque. In addition, the integral signal is reset every time the error
signal crosses the null value. This design decision was taken because it avoids the excessive
overshoot of the output signal, thus reducing the stabilization and simulation time needed
for the tuning process, and because it improves the PID performance for step maneuvers.

There are three controllers (one per axis); each one of them obeys the following
equation for calculating the output:

T de;(T)
_ J -
uj(T) = Kp]' . Ej(T) +K[j . /0 Ej(t)df +KD]' T j=1,23. 4)

The proportional, integral, and derivative gains (Kp;, Kjj and Kp;), which result in a
total of nine gains, are the tuning parameters of the mPID controllers.

3.3. Fuzzy Controller

The general operation is similar to the mPID, with the same three input signals
(attitude error), three controllers (one per body axis) and the same three output signals
(torque actuation needed) within the range [—1, +1]. The controller’s flow chart is shown

in Figure 5.
fcnControlFuzzy
I_ Fuzzy Axis X _I
Amecedems—l
| Fuzzifier H Rules Defuzzmel
Fuzzy input

Consequems u1

——Error e() = Fuzsz

\ es u;
< Control u(t)

Figure 5. Fuzzy controller flow chart.

For a detailed description of the internal workings of a fuzzy controller, see [1]. The
output signal calculation process can be summarized as follows:
¢  Fuzzification: First, the input signal and its derivative are fuzzified; transforming
them into an array of values that represent the degree of membership of the input to a
group of fuzzy linguistic variables: Negative Big, Negative, Negative Small, Zero, etc.
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https://doi.org/10.3390/aerospace13040320

Aerospace 2026, 13, 320

10 of 25

¢ Evaluation and aggregation of fuzzy rules: Those array values are operated and
evaluated by a set of “if-then” rules, resulting in the values of the antecedents
and consequents;

*  Defuzzification: The output of the rules is aggregated and defuzzified using the Takagi-
Sugeno method [29] which provides the discrete value of the output of the controller.
As can be seen in Table 2, only five linguistic variables are used for the output.

Table 2. Selected output singleton values.

Output NB NS V4 PS PB
Maximun torque fraction -1 -0.5 0 0.5 1

One fuzzy iteration requires quite a lot of work compared to the simple math involved
in an mPID iteration. As such, the process can be tuned or adjusted by modulating many
different parameters. This design modulates its performance based on six parameters
per axis, (X1,...,Xs), which restrict input membership functions as shown in Figure 6.
Therefore, in the case of fuzzy controllers, there are 18 parameters in total that serve as the
tuning parameters.

membership functions membership functions
| §§ N ,NS ‘77 PS' P PB_ | | Eg N NS ‘7' PS ; P . PB |

& 1o oo
2038 o ! £0.38 w ! !
= VIV i i = a1
5 vlv i 5 B
206 o i 206 NS00
g v|iv ! | ! g Lo i
a 1 I [ I
Ho4 A AT Ho4 M
S a . H . S . . .
o v A I 3 [ I
$o2t L 02t VT
¥ R T i & P
A, v ¥ i A, VY 0
X, 1 I 1X, 1 I
i S N

Xy bty

. . LS . . L. 1%

-0.15 -0.1 -0.05 0 0.05 0.1 0.15 -0.03 -0.02 -0.01 0 0.01 0.02 0.03
(a) (b)

Figure 6. Input membership functions of the fuzzy controllers: NB = Negative Big, N = Negative,
NS = Negative Small, Z = Zero, PS = Positive Small, etc. The “Zero” functions are triangular, and
all the other ones are trapezoidal or rectangular. All are symmetric with respect to the null value, or
have a conjugated one that is symmetric. All of them have an overlap with the adjacent ones of 50%,
resulting in a unitary maximum value for the sum of all degrees of membership for one input. (a) Error
signal input membership functions. (b) Derivative of the error signal input membership functions.

3.4. Controller Tuning Method

In order to make sure that the comparison between both controllers is reasonable, the
same tuning method has been applied. It can be summarized as follows:

¢ First, a preliminary analysis is performed to figure out the characteristic ranges in which
the crucial variables are going to exist. Also, this is a good point at which to check that
the intensity of the actuators is enough to overcome the disturbance torques.

*  Then, a characteristic maneuver should be selected. This maneuver has to be significant
or related to the usual operation of the satellite.

e  Finally, all the previous information is gathered to perform a genetic optimization.

The information from the preliminary analysis allows us to restrict the genetic search
as well as to create a couple of tuning points as the initial population. The optimization
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aims to find multiple tuning points capable of a trade-off between the fastness and cost of
the controller (a group of points forming a Pareto front), which means that there are two
different and conflicting metrics evaluating the performance during a simulated maneuver.

3.4.1. Preliminary Analysis

After running a sample of simulations without actuation (free rotation simulations), it
was shown that disturbance torques never exceed 10~° N - m while the OPS-SAT-1 inertia
wheels could generate up to 107* N - m.

Using actuation impulses, it is possible to approximate the minimum error derivative
that could be introduced into the system. These approximations are summarized in Table 3.

Table 3. Approximation of the derivative inserted into the OPS-SAT-1 system with an impulse of
25 and 100 [%] of the maximum actuation when the control cycle is 0.5 s.

Impulse [%] Axis Min. Derivative [1/s]
X 7.0x 1074
100 Y 7.0x 1074
Z 2.4 %1073
X 1.5x 1074
25 Y 1.5x 1074
Z 6.0 x 1074

Lastly, by applying the Ziegler—Nichols [30] method to the mPID controller system,
it is possible to narrow down the search for the genetic algorithm domain, estimate the
simulation time needed for stabilization and generate some useful tuning points as the
initial population. The results of this method are summarized in Table 4.

Table 4. Results after applying the Ziegler—Nichols method to each axis.

. . . Oscillation Max. Kp Ziegler- Kj Ziegler- Kp Ziegler-
Axis  Ultimate Gain 5 411 Derivative [1/s] Nichols Nichols [1/s] Nichols [s]
X 10.0 ~ 80 ~ 1.8 x 1072 6 ~ 150 x 10! ~ 6.00 x 1011
Y 10.0 ~ 75 ~2.0x102 6 ~ 1.60 x 107! ~ 5.63 x 1011
Z 10.0 ~ 45 ~ 3.7 x 1072 6 ~ 267 x 107! ~ 3.38 x 1011

For fuzzy controllers, the first optimization starts with an initial population consisting
of a pair of manually selected members: one with a lower error and the other with a lower
cost. The construction of these two initial points was derived from the information obtained
about the dynamics of the system during the preliminary analysis.

3.4.2. Tuning Maneuver

The experiment was designed such that successive step maneuvers with increasing
amplitude are commanded (see Section 5), so a step command was selected as the cali-
bration maneuver. An example of this is shown in Figure 7. As described in Section 5,
the experimental campaign involves the execution of maneuvers of increasing amplitude,
starting with 5° rotations and reaching up to 20°. In the final stages of the experiment,
the goal is to explore the performance limits of the controller with maneuvers that exceed
30° in amplitude. For these reasons, a 20° step maneuver was selected to characterize the
OPS-SAT-1 calibration maneuver. This maneuver is divided into three main phases:
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¢ Initial phase: The satellite begins aligned with the target axes and must maintain the
angular error approximately at zero. This phase lasts 30 s and is used to evaluate
initial stability metrics.

*  Step phase: A 20° step is commanded around the body axis under calibration. The
controller must respond accordingly to bring the satellite to the new target orientation.
The duration of this phase depends on the dynamics of the specific axis and is used to
evaluate the performance metrics targeted by the genetic algorithm

¢  Final phase: Once the target orientation is reached, the simulation continues for
another 30 s, during which the controller must again maintain the angular error close
to zero. This phase is used to assess residual stability metrics.

The duration of the step phase varies depending on the system’s dynamics. In the
case of OPS-SAT-1, the ideal minimum durations, assuming that the actuators operate
at maximum capacity throughout, with continuous acceleration during the first half of
the maneuver and symmetric deceleration during the second half, without corrections,
are approximately 37.5 s for the X axis, 35 s for the Y axis, and 20 s for the Z axis. These
durations are used to compute the characteristic cost normalization value for the maneuver
(i.e., the case where actuators operate at full capacity for the entire duration).

To allow flexibility in finding diverse controller configurations, the maximum maneu-
ver durations are arbitrarily set to five times the ideal minimum time: 187.5 s for X, 175 s
for Y, and 100 s for Z. These extended durations are used to compute the characteristic nor-
malization value of the accumulated error in the maneuver: a controller that only reaches
the target at the time limit will accumulate the maximum possible error.

Angle
4 —— Command
. — .. Satellite response
Target angle / N .
7 ~.
>t
init tresidual tstationary t[g[

Figure 7. Example of the calibration maneuver involving the orientation of one axis.

3.4.3. Multi-Objective Genetic Optimization

The objective function, f, used during the tuning process, has two different and
conflicting objectives: one related to fastness and the other related to cost. The specific
definition of each metric is as follows:

tot Trot —1 AT;

tro
E= / “ B (t)dt = 2 arccos o1 (t)dt ~ 2 [arccos q,1 ; + arccos ge1 i+1) - —— o)
0 0

i=0 2

(6)

i=0 | Tex |max | TCy |mux | Tc, |max 2
where E is the accumulated error during the maneuver, which is related to the convergence
time, t;o; is the total time of the maneuver, g,; is the real component of the instant error
quaternion (the component that accounts for the 3D angular error), Ty is the number of
simulated step times in which the maneuver is divided, A7; is the step time interval, C is
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the accumulated cost during the maneuver, T¢; is the instant control torque applied in axis
j, and | T¢j|max is the maximum possible torque actuation in axis j.

Once the tuning parameters, the objective function, and the calibration maneuver are
defined, it is time to execute the algorithm. This is performed via two main steps (see [1]
for more detail):

e  First, a few generations have been spent exploring the parameter domain for some
candidate zones to find the optimal tuning points. For that purpose, the initial points
derived from the preliminary analysis and a large population size are used, and more
importance is given to the mutation mechanism.

*  Finally, another optimization is performed, focusing on refining the previous results
and using the settlement of the Pareto front as the stopping criterion. For that purpose,
the Pareto front from the previous optimization is used as the initial population, and
the population size is reduced trying to perform more generations (reducing the
computational cost), giving more importance to the crossover mechanism.

4. Results

The results are to be analyzed using the performance of three characteristic points of
the Pareto front: the minimum error point (ME) point; the minimum cost point (MC) point;
and the central point (CP), which is the farthest point from all the extremes. Table 5 shows
the values of both metrics, E and C, for the three points. The results of the optimizations
for each axis are presented in the following sections.

Table 5. Optimization results for fuzzy and mPID controllers.

Point Axis E (Fuzzy) E (mPID) C (Fuzzy) C (mPID)
ME 0.21 0.20 0.83 0.88
MC X 1.06 0.62 0.05 0.31
CP 0.42 0.31 0.26 0.45
ME 0.21 0.21 0.90 0.78
MC Y 0.80 0.81 0.12 0.16
CP 0.36 0.40 0.31 0.35
ME 0.20 0.20 0.76 0.80
MC V4 0.85 0.79 0.09 0.15
Cp 0.39 0.37 0.27 0.34

4.1. Performance of Controllers for Roll Axis

The final Pareto fronts obtained for both optimizations for each controller are shown in
Figure 8. It can be seen that, for fuzzy Pareto, the first optimization was unable to identify
a sufficient number of operating points in the low-cost region. In contrast, the second opti-
mization (characterized by a high proportion of individuals generated through crossover)
was able to fill the gaps in the Pareto front, significantly improving its distribution. For
the mPID controller, it can be observed that the first optimization was able to identify the
Pareto front, whereas the second optimization refined it.

The fuzzy controller outperforms the PID controller, as its Pareto front dominates that
of the PID controller, except near the ME points. The comparison of Pareto fronts shows
that the performance of both controllers is similar when minimizing the first metric of
the objective function (accumulated error). However, when searching for low-cost tuning
points, the Pareto fronts start to split apart more and more. The tuning points found for
the fuzzy controllers generally outperform the mPID ones with regard to the cost metric,
meaning that they use the actuators in less time. In particular, it is possible to see that the
mPID controller cannot obtain comparable low-cost tuning points. The X fuzzy controller is
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able to vary its accumulated error metric and its accumulated cost metric in a wide variety
of configurations that allow its performance to be customized (higher convergence speed
or lower cost). Specifically, as shown in Table 5, the accumulated error metric varies by
approximately 80% (from 0.21 to 1.06), while the accumulated cost metric shows a variation
of approximately 94% (from 0.83 to 0.05). Concerning the mPID results, the first thing that
can be observed is that, despite the rigidity of the PID strategy and the fact that it is not
able to reach low-cost regions, the optimization algorithm has also been able to find a wide
range of operating configurations. It shows an approximately 68% variation in its error
metric (from 0.20 to 0.62) and a 64% variation in its cost metric (from 0.88 to 0.31).
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Figure 8. X axis. (a) Fuzzy Pareto fronts for both optimizations. (b) mPID Pareto fronts for both
optimizations. (¢) Comparison of fuzzy and mPID Pareto fronts.
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In Figure 9, the error and cost signals (which are directly related to the input and
output signals of the controllers as well as to the objective metrics) are shown for the ME,
MC and CP points. It can be seen that the fuzzy controller is capable of generating a control
law (which results in the actuation profile) based on pulses that are triggered when the
satellite’s dynamic state meets the appropriate conditions: an initial pulse to accelerate the

system, zero actuation once the desired speed is reached, a final pulse to brake the system,
and a final modulation phase to stabilize the final state.

Error signal: axis 1
T T

Cost signal: axis 1
0.25 1 T T
Min. error Min. error
Min. cost 0.9 Min. cost |
Central Central
0.2f 0.8
— —07}F
£ I\ 5 |
@ \ = ‘
c \ ]
50,15 3 \ \ 2o6F
8 ‘\ H |
\ |
i x L
= \ H |
% 01} \ 5041 ‘ ‘
o \ ]
E \ g L
ui
- | <osf [11]]]
\ \
|
0.05f | 1 0.2f | |
I
| | | ‘
01 N
\ | N
| \
0 s L . ' 0 S L i
0 50 100 150 200 0 50 100 150 200
Time [s] Time [s]
@) (b)
Error signal: axis 1 Cost signal: axis 1
0.25 T T T 1 T T T
Min. error | Min. error
Min. cost 09F “ Min. cost | o
Central ‘ | Central
|
02F 1 08f ‘ |
|
i
x £ |
\ =
c \ ]
o + 1\ 3 + |
E' 0.15 \ 3 0.6 ‘ ‘ “
|
8 | 3 |
w | g05F ‘ \‘
5 | s \‘
‘» \ 2
2 o1f \ = 04f |
: x : |
w |
- | <osf /-
x \ | A
005} - 02 ‘ ‘ |
i \
0.1 | ’ \
| M \
~—
| \
0 — 0 I I~
0 50 100 150 200 0 50 100 150 200
Time [s] Time [s]
O (d)

Figure 9. Comparison of error and actuation signals for the characteristic tuning points of X axis
optimization. (a) Fuzzy error. (b) Fuzzy actuation. (c) mPID error. (d) mPID actuation.

The actuation profile for the fuzzy controller corresponding to the ME point consists
of two rectangular pulses (acceleration and braking, approximately of the same mag-
nitude) and a final modulation profile (visible from approximately 60 s). These pulses
are slightly separated in time; that is, there is an intermediate phase of the maneuver in
which the fuzzy controller does not apply any actuation. This indicates that the genetic
algorithm has not been able to find the ideal optimal operating point of the system. This
phenomenon is repeated, to a greater or lesser extent, in the rest of the optimizations
presented in this section. Finding this ideal point is of relatively low importance since in
real situations the exact conditions of the calibration maneuver will not be reproduced.
In order to approach this ideal operating point more closely, it is necessary to drastically
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reduce the integration step of the simulations, which increases their computational cost.
In addition to the integration step, it must be taken into account that the controller
computations have an operating cycle (the control cycle). This means that since most
controllers do not operate in an analog manner, it will never be possible to find that
operating point exactly, and it will always be necessary for there to be a gap between
the pulses (a time interval in which the actuation is zero) or an overcorrection of the
second pulse (because the acceleration has been too large). This latter circumstance
would directly worsen the cost metric (because a greater amount of actuation is required
to correct it) and indirectly worsen the error metric (because overcorrection delays the
stabilization of the system).

Concerning the mPID controller, in Figure 9, it can be seen that the actuation profile
of the ME point is similar to what is sought in an optimized signal: two wide pulses, one
for acceleration and the next for deceleration, followed by a short modulation period
to stabilize the final state. However, in the profile of the MC point, it can be seen
that the actuation is never completely null, generating a signal that is extended and
poorly optimized, in the sense that it lacks distinct control pulses. Transforming the PID
controller into its modified variant, mPID, reduces the convergence time and therefore
also decreases the area under the actuation curve (i.e., a reduction in the cost metric).
However, because the way the signal is constructed makes it difficult for the control
signal to reach zero at any intermediate point during the maneuver, the lowest-cost
configurations are inefficient.

4.2. Performance of Controllers for Pitch Axis

Figure 10 shows the comparison of Pareto fronts for both controllers. In a similar
manner to what was discussed in the previous section, for the fuzzy Pareto front the first
optimization was unable to identify a sufficient number of operating points in the low
cost region. However, by means of the crossover mechanism, the second optimization
succeeded in improving its overall dispersion. For the mPID, the first optimization
succeeded in identifying a part of the Pareto front; however, the distribution remains
suboptimal, particularly in the low-cost region. The second optimization did not achieve
any significant improvement over the results obtained in the first stage.

The fuzzy controller outperforms the PID controller, as its Pareto front dominates
that of the PID controller, except near the ME points. In this case, the small distance
between the fronts is emphasized. Moreover, note that along this axis the mPID controller
is able to expand the low-cost region by extending the front, although with a higher cost
than the fuzzy one. Specifically, as shown in Table 5, the fuzzy controller Y is capable of
varying its accumulated error metric by approximately 74% (from 0.21 to 0.80) and its
accumulated cost metric by approximately 87% (from 0.90 to 0.12). Concerning the mPID
controller, it is able to vary its error metric by approximately 74% (from 0.21 to 0.81) and
its cost metric by approximately 76% (from 0.76 to 0.18).

In Figure 11, the error and cost signals are shown for the ME, MC and CP points.
As expected, the fuzzy Y controller was able to reproduce the desired behavior through
control impulses. Observing the mPID signal profiles, a behavior similar to that observed
for the X axis can be identified. However, the actuation profile of the minimum-cost
point is noticeably different because the dynamics of the Y axis requires a smaller initial
impulse to reach stabilization conditions in time. As a result, by definition, the cost
metrics achievable by this controller are lower than those of the X axis.
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Figure 10. Y axis. (a) Fuzzy Pareto fronts for both optimizations. (b) mPID Pareto fronts for both
optimizations. (¢) Comparison of fuzzy and mPID Pareto fronts.

4.3. Performance of Controllers for Yaw Axis

Figure 12 shows the comparison of Pareto fronts for both controllers. The behavior is
similar to that of the Y axis, although in this case the fuzzy Pareto front fully dominates
that of the PID controller. As in the other axes, a wide range of design points has been
found. The fuzzy Z controller can vary its error by 76% (from 0.20 to 0.85) and its cost by
88% (from 0.76 to 0.09). Concerning mPID, the Z controller can vary its error by 75% (from
0.20 to 0.79) and its cost by 81% (from 0.80 to 0.15).
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Figure 11. Comparison of error and actuation signals for the characteristic tuning points of Y axis
optimization. (a) Fuzzy error. (b) Fuzzy actuation. (¢) mPID error. (d) mPID actuation.

In Figure 13 the error and cost signals are shown for the ME, MC and CP points. When
comparing the dynamics of the pitch axis with those of the yaw axis, a noticeable difference
in the stabilization times can be observed: the dynamics of the Z axis are the most agile

in the system, mainly because the moment of inertia of OPS-SAT-1 is significantly smaller
along this axis.

4.4. Monte Carlo Analysis

To evaluate the robustness of the mPID and fuzzy control strategies against parameter
uncertainties, a Monte Carlo analysis was conducted.

In the simulations, the initial parameters subject to variation comprise both the orbital
characteristics and the intrinsic properties of the satellite. The OPS-SAT-1 followed a circular
heliocentric orbit; consequently, the initial eccentricity and inclination parameters are fixed
at 0° and 97.4779°, respectively, as both remained largely unchanged throughout the
operational lifetime of OPS-SAT-1. The Right Ascension of the Ascending Node (RAAN) is
modeled as a uniformly distributed random variable throughout the interval [0°, 360°]. The
altitude is modeled as another uniform distribution that spans from the initial altitude of
the satellite (515 km) to the altitude at which the mission ended (400 km). In the simulations,
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Cost objective

the initial orbit is assumed to be circular; therefore, the argument of perigee is treated as
located at the ascending node. The full range of possible scenarios is addressed by modeling
the true anomaly as a uniformly distributed variable over the interval [0°, 360°]. The OPS-
SAT-1 attitude controllers were designed to maintain the spacecraft’s orientation using
reaction wheels and to allow maneuvers within the operational range of these actuators.
Consequently, the initial condition is assumed to be zero angular velocity with respect
to the orbital axes, while initial attitude errors of +20° per axis are considered. A larger
deviation would saturate the angular momentum storage capacity of the reaction wheels.
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Figure 12. Z axis. (a) Fuzzy Pareto fronts for both optimizations. (b) mPID Pareto fronts for both
optimizations. (¢) Comparison of fuzzy and mPID Pareto fronts.
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Figure 13. Comparison of error and actuation signals for the characteristic tuning points of Z axis
optimization. (a) Fuzzy error. (b) Fuzzy actuation. (¢) mPID error. (d) mPID actuation.

Regarding the intrinsic properties of the satellite (see Table 1), they are defined ac-
cording to its ICD [31], where nominal values are provided and a 5% margin is advised.
However, in order to achieve a more precise analysis of the dependence of the error, the
steady-state error, and the cost on the moments of inertia, a threefold margin will be consid-
ered, namely 15%. For the products of inertia, since their magnitude is at most two orders
lower than that of the principal moments of inertia, and given that the dependence of the
performance metrics on these terms has already been analyzed in previous works where
no correlation was observed [1,24], only their nominal value will be considered.

Finally, an internal satellite error is considered, whereby the torque actually applied
does not exactly match the commanded one. This simulates actuator calibration errors,
misalignments, and similar effects. This error has been modeled as a uniformly distributed
random variable within +20% of the maximum wheel torque.

A summary of all the parameters varied in the Monte Carlo analysis, together with
the ranges considered, can be found in Table 6.
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Table 6. Monte Carlo parameters.

Type Parameter Range
Altitude [400, 515] km
Ecc 0
. Inc 97.4779°
Orbit RAAN [0°, 360°]
Argument of periapsis 0°
True Anomaly [0°, 360°]
Yaw [—20°, 20°]
Initial Attitude error Pitch [—20°, 20°]
Roll [—20°,20°]
Lex 0.06577296 + 15%
Spacecraft parameters Iy 005647602  157%
I, 0.01650073 £ 15%

Comanding error

£20%

A total of 8000 simulations were performed, with each controller operating at a
frequency of 5 Hz. In optimization procedures, when commanding maneuvers were per-
formed on a single axis, only the errors and costs associated with that axis were evaluated.
However, for the Monte Carlo analysis, a metric related to the attitude error in three axes
is used: the arctangent of the ratio between the Euclidean norm of the error quaternion’s
vector part, q., and the absolute value of its scalar part, qq., as defined in Equation (7),
instead of 6,, in order to avoid numerical issues related to the arcsine and the arccosine.

19 (1)l
|QOe(t)| )

To illustrate the behavior of the controllers under Monte Carlo parameter uncertainties,

Be(t) =2 arctan( ?)

Figure 14 presents the time evolution of the error signals of the fuzzy and mPID controllers
for the CPs of the Pareto fronts. It can be observed that, for the fuzzy controller, all
simulations converge in less than 100 s. In the case of the mPID controller, both the
convergence time and the steady-state error are greater than those of the fuzzy controller.
In addition, the error profiles exhibit overshoot.

300

Figure 14. Error signals for CP. (a) Fuzzy; (b) mPID. Each line corresponds to one of the 8000 simulations.

The results of the Monte Carlo analysis are summarized in Table 7. The accumulated
error is defined as the integral of B.(t) (Equation (7)) divided by the duration of the
maneuver (300 s). The settling time is defined as the time required for the error signal
Be(t) to reach 0.1 rad without subsequently exceeding that value. The steady-state error
is defined as the integral of B.(t) over the last minute, divided by the integration time
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(60 s). Finally, the accumulated cost is defined as the integral of the norm of the angular
velocity vector of the reaction wheel, normalized with respect to maintaining one wheel at
its maximum acceleration for one minute.

Table 7. Monte Carlo results (mean values).

Accumulated Error [rad] Settling Time [s] Steady-State Error [rad]  Accumulated Cost

Fuzzy CP

1.2193 55.8407 0.0557 0.6264

PID CP

2.3085 242.6322 0.0736 0.4780

As can be observed, on average, for the central controller, the PID control law exhibits
89% more accumulated error, requires 335% more time to converge to an error below
0.1 rad, and its steady-state error during the final minute of a 5 min maneuver is 32% higher.
However, it is observed that when an error is introduced into the command signal, the
PID controller yields a 24% lower cost. This is an expected result, since the advantage of
the fuzzy controller lies in its ability to perform the maneuver through two main pulses
(acceleration and braking), with a constant velocity phase between them. However, when
an error is introduced in the command signal, this phase becomes altered as the torque
is no longer exactly zero. Although an error around 20% of the maximum torque in the
command signal would be considered unacceptable for a space mission, it nevertheless
highlights the sensitivity of these controllers to this type of error. Consequently, the need
to implement methodologies that mitigate this effect should be examined, as suggested
in [32].

5. Experiment Protocol

To take advantage of this unique opportunity, an experimental campaign was designed
to include a comprehensive set of simple attitude maneuvers—specifically step commands.
The use of simple single-axis maneuvers minimizes complex dynamic interactions, such as
coupled rotations across multiple axes. This simplification allows for a clearer distinction
between the effects generated by the actuators (controlled and desired) and those produced
by environmental disturbances (uncontrolled, undesired, and often difficult to model).

Each maneuver is executed using both the mPID controller and the fuzzy one, allowing
a direct experimental comparison under nearly identical conditions. Furthermore, identical
maneuvers are planned around different body axes, which helps analyze the modeling
accuracy of external disturbances and assess whether their effects are consistent across
rotational dynamics along all axes.

The complete experimental plan is structured into five descending priority levels (from
#1 to #5), allowing the operations team to cancel, shorten or postpone lower-priority seg-
ments if unforeseen time constraints arise. Each priority group contains nine experiments
that can be executed modularly or consecutively. Consecutive execution is recommended to
minimize the variations in disturbance torques and improve the post-processing accuracy
by simplifying the separation of controlled and perturbative effects. Table 8 shows level #1,
as an example.

Each experiment consists of eight step maneuvers, defined by the control strategy
used, the calibration parameters applied, and the specific target attitude. Maneuvers
are grouped in pairs: for every commanded rotation, a subsequent maneuver of equal
amplitude and opposite direction returns the satellite to its nominal attitude. Before each
experiment, a default controller is engaged (see Section 3.1). This procedure ensures
that initial conditions—both in terms of the attitude error and actuator availability—are
consistent and comparable across all experiments.
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Three different operating points are tested on the Pareto front: LC, LE and CP. Each
maneuver essentially represents a small step command, increasing in angular amplitude by
increments of 5° or 10°, up to a maximum of 40°, to avoid the excessive shadowing of the
main solar array and thus prevent critical power loss. A time limit of 300 s is allocated per
maneuver. If a maneuver fails to complete within this time, the sequence proceeds to the
next command without aborting the experiment; the failure will be diagnosed during post-
analysis. If completed ahead of time, the controller is expected to maintain the achieved
target attitude for the remainder of the 300 s.

Table 8. Experiment protocol.

Quaternion Objective Angle Objective [deg]
Priority Exp # Man # Controller Time [s]
qo 1 q2 q3 Roll Pitch Yaw
0 Default 1 0 0 0 0 0 0 300
1 FUZZY-CP 0.999 0.044 0 0 5 0 0
2 FUZZY-CP 1 0 0 0 0 0 0
3 PID-CP 0.999 0.044 0 0 5 0 0
1 4 PID-CP 1 0 0 0 0 0 0
5 FUZZY-CP 0.999 —0.044 0 0 -5 0 0
6 FUZZY-CP 1 0 0 0 0 0 0
7 PID-CP 0.999 —0.044 0 0 -5 0 0
8 PID-CP 1 0 0 0 0 0 0
2 The same procedure as in experiment #1, but with the command on the Y axis (pitch angle).
3 The same procedure as in experiment #1, but with the command on the Z axis (yaw angle).
1 0 Default 1 0 0 0 0 0 0 300
1 FUZZY-CP 0.996 0.087 0 0 10 0 0
2 FUZZY-CP 1 0 0 0 0 0 0
3 PID-CP 0.996 0.087 0 0 10 0 0
4 4 PID-CP 1 0 0 0 0 0 0
5 FUZZY-CP 0.996 —0.087 0 0 —-10 0 0
6 FUZZY-CP 1 0 0 0 0 0 0
7 PID-CP 0.996 —0.087 0 0 -10 0 0
8 PID-CP 1 0 0 0 0 0 0
5 The same procedure as in experiment #4, but with the command on the Y axis (pitch angle).
6 The same procedure as in experiment #4, but with the command on the Z axis (yaw angle).
7 Same as in #1 (same sequence as in #4, #5, and #6), but with commands of 15° amplitude.
8 Same as in #2 (same sequence as in #4, #5, and #6), but with commands of 15° amplitude.
9 Same as in #3 (same sequence as in #4, #5, and #6), but with commands of 15° amplitude.
2 The same procedure as in priority #1 but using the low-cost variants (FUZZY-LC and PID-LC).
3 The same procedure as in priority #1 but using the low-error variants (FUZZY-LE and PID-LE).

6. Discussion

This study presents the design and implementation of an attitude control experiment
on the OPS-SAT-1 platform, with the primary objective of advancing the field of satellite
attitude control through the demonstration of intelligent control strategies, particularly
fuzzy logic controllers. The deployment of these algorithms in an operational space envi-
ronment enables the identification and mitigation of hardware and system-level challenges
that are typically absent in simulation-based analysis. In fact, due to technical problems in
communication with the OPS-SAT-1 hardware, the experiment could not be conducted in
orbit, and only the numerical results could be analyzed.

The optimization results provide further empirical evidence supporting the superior
performance of modern control techniques compared to classical methods. As suggested
in previous research, fuzzy control strategies exhibit notable advantages, particularly in
scenarios that require energy-efficient performance. The incorporation of genetic algorithms
for tuning further underscores the flexibility of the proposed methodology, allowing the
controller architecture to adapt to diverse mission scenarios and operational constraints.
The robustness analysis shows that, although the energy cost of the maneuver may worsen
if there is a significant error in the control signal, the fuzzy controller still maintains better
metrics in accumulated error, steady-state error, and settling time.

The modular structure of the control system—featuring configurable membership
functions and rule sets—proved especially suitable for a range of mission phases, from ini-
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tial detumbling operations to high-precision science-pointing maneuvers. This adaptability
highlights the potentially broad applicability of the proposed control framework to future
missions with varying objectives and requirements.

Furthermore, the controller architecture, the simulation environment, and the opti-
mization methodology developed in this work constitute a reusable framework that can be
applied to other mission contexts. The generalist nature of the tuning approach, combined
with the efficiency of evolutionary optimization algorithms, facilitates the exploration of a
wide range of control trade-offs, balancing response time and power consumption.

Overall, this work contributes to the design of ADCS for small satellites, offering in-
sights into the trade-offs and benefits of integrating intelligent control techniques. Although
PID controllers remain a reliable benchmark, the integration of fuzzy logic introduces bene-
fits in terms of adaptability and energy efficiency.
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