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Abstract: This paper addresses the challenge of optimal Proportional-Integral-Derivative (PID) controller
tuning for coupled Multi-Input Multi-Output (MIMO) mechatronic systems and validates the solution on a
Quanser Aero 2 dual-rotor helicopter platform. The primary challenge in controlling such systems lies in
satisfying conflicting performance objectives, namely, minimizing tracking error while simultaneously reducing
control effort to ensure energy efficiency and respect physical actuator limitations. To address this, the controller
tuning problem is formulated as a dual-objective optimization problem. The Non-dominated Sorting Genetic
Algorithm Il (NSGA-I1) is applied to obtain a diverse set of Pareto-optimal solutions that characterize the inherent
compromise between tracking accuracy and control effort. The methodology is validated through simulation and
experimental validation, demonstrating significant performance gains over a conventional PD controller. A
rigorous comparative analysis using multiple performance indices (ISE, ITAE, RMSE) provides a quantitative
assessment of the different solutions on the Pareto front. The results confirm that the NSGA-Il approach
provides a systematic and effective method for designing high-performance, robust, and practical controllers for
complex MIMO systems. The compromise solution from the Pareto front offers an excellent balance of
responsiveness, stability, and energy efficiency in both simulation and real-world experiments.
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performance trade-offs and lead to suboptimal

1. INTRODUCTION designs [3].

The control of Multi-Input Multi-Output (MIMO) Despite the development of advanced control
systems is a fundamental challenge in modern theories, the Proportional-Integral-Derivative
engineering, with critical applications in _(PID) controller remains the workhorse of the
aerospace, robotics, and process control [1]. industry, used in over 90% of control loops [4,
Unlike Single-Input  Single-Output  (SISO) 5]. Its endu.rlng. popular!ty is due to its simple
systems, MIMO systems are characterized by structure, intuitive tuning parameters, and
complex cross-coupling between inputs and proven robustness. However, tuning PID
outputs, where a single control action can controllers for optimal performance in complex
affect multiple system states simultaneously. MIMO systems remains a significant hurdle
This inherent coupling, combined with often [6]. Classical tuning methods, such as Ziegler-
conflicting performance requirements, makes Nichols, often produce aggressive gains,
controller design a non-trivial task. Industrial leading to excessive overshoot and control
controllers must typically achieve a delicate activity, which is unacceptable for systems
balance: minimize tracking error, reduce with sensitive dynamics or strict actuator
settling time, limit overshoot to prevent system constraints [7, 8].

stress, and constrain control effort to conserve

energy and avoid actuator saturation [2]. The Quanser Aero 2, a two-degree-of-
Traditional  single-objective  optimization freedom (2-DOF) laboratory helicopter,
techniques are often insufficient, as they epitomizes these challenges. Its coupled
require an a priori weighting of objectives, pitch-yaw dynamics, inherent nonlinearities,
which can obscure the true nature of the and motor voltage saturation limits (+24V)

make it an ideal testbed for advanced MIMO
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control strategies [9]. Effective control
requires managing the aerodynamic coupling
where the action of one rotor significantly
influences the motion on the other axis [10].

To address these challenges, Multi-
Objective Optimization (MOO) has emerged
as a powerful paradigm. MOO algorithms
seek not a single solution, but a set of Pareto-
optimal solutions [11, 12]. Each point on the
resulting Pareto front represents a non-
dominated solution, where no single objective
can be improved without degrading at least
one other. This provides designers with a
complete spectrum of optimal trade-offs,
enabling an informed decision based on
specific operational priorities [13].

Among MOO techniques, evolutionary
algorithms (EAs) are particularly well-suited
due to their global search capabilities and
ability to handle complex, non-convex search
spaces. The Non-dominated Sorting Genetic
Algorithm Il (NSGA-II) is a state-of-the-art EA
that has become a benchmark in the field [14].
It efficiently finds a well-distributed set of
Pareto-optimal solutions by using elitism and
a parameter-less diversity preservation
mechanism.

This paper presents an extended, in-depth
investigation into the application of NSGA-II
for the optimal tuning of decentralized PID
controllers for the Quanser Aero 2. Building
upon preliminary conference work [15], this
journal article provides: 1) an expanded
analysis including a new simulation scenario;
2) a new section on hardware implementation
and validation; 3) a rigorous quantitative
comparative analysis; and 4) a detailed
discussion of the results, including Pareto
front quality and robustness. The goal is to
provide a complete framework, from
theoretical formulation to practical validation,
for applying multi-objective optimization to a
real-world mechatronic system.

2. SYSTEM DESCRIPTION AND
MODELING

The Quanser Aero 2 is a laboratory-scale
helicopter designed for research in control
systems and mechatronics [9]. The system,
shown in Fig. 1, features a cross-shaped
frame mounted on a pivot, allowing for two
degrees of freedom: rotation around the
horizontal axis (pitch, 0) and rotation around
the vertical axis (yaw, w ). Actuation is

provided by two DC motors driving propellers
[16]. The front motor primarily controls the

pitch angle, while the rear motor controls the
yaw angle. High-resolution optical encoders
measure the pitch and yaw angles for
feedback control.

The linearized state-space model around
the equilibrium is given by:

{)‘(zAx+Bu

y = Cx 1)

Where x=[0,y,0,y] is the state vector,
u=[Vv,.V,]"is the input vector (voltages to the
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Fig. 1 Quanser Aero 2 platform [9] .

pitch and yaw motors), and y=[0,y] is the
output vector.
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The model parameters are listed in Table 1
[17].

3. MULTI-OBJECTIVE OPTIMIZATION
FORMULATION

The following section defines the PID
controller tuning as a multi-objective
optimization problem by outlining the decision
variables, objective functions, and constraints.
It also introduces the NSGA-II algorithm
selected to obtain the solution.
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Table 1. Dynamic parameters of the Aero 2 [10].

SymbolDescription Value

Jp Pitch axis inertia 0.0232 Kg.m?
Jy lYaw axis inertia 0.0238 Kg.m?
Dy Pitch axis damping 0.0020 N.m/V/|
Dy lYaw axis damping 0.0019 N.m/V/|

Kop Pitch thrust gain from front rotor  10.0032 N/V

Koy Pitch thrust gain from rear rotor  10.0014 N/V

Kyy IYaw thrust gain from rear rotor  0.0061 N/V

Kyp IYaw thrust gain from front rotor  -0.0032 N/V

Ksp Pitch stiffness 0.0074N.m/V

Dy Distance btw pivot and center of/0.1674m

rotor

A. Problem Formulation

A decentralized control structure with two
independent PID controllers is used. The
parameter vector to be optimized k , contains
the six gains:

k= [kpB’ kiB’ kde* kpw ) kiw ) kd.,,] (5)
The problem is to find the vectork that
minimizes two objective functions [15], and
that respects the mentioned constraints for
pratical implementation :

Objective 1 - Tracking Performance
(f1): This function measures the system's
ability to follow a reference trajectory. It is
defined as the Integrated Squared Error (ISE)
with a temporal weighting term to penalize
persistent errors more heavily.

f, = ]w(t) [e2(t)+e](t) ot (6)

where w(t) = 1 + 0.1t provides an increasing
penalty for steady-state errors, and e,(t), ey(t)
are the pitch and yaw tracking errors,
respectively.

Objective 2 - Control Effort (f3): \)): This
objective quantifies the energy consumption
and aggressiveness of the control signals. It is
formulated as a combined measure of control
signal variance and peak values to promote
smooth and energy-efficient control actions.

max

f,=Var(u,)+Var(u,) +o (|Up|max +u )(7)

Where Var(u) is the variance of the control
signal, (Jul,, ) is the peak absolute value, and
@, IS @ weighting factor to balance the
components.

Constraints: Box constraints are applied
to the PID gains to ensure they remain within
a practical and physically realizable range. The
search space is defined as follows:

» Proportional gains:

ek, [10,180],k,, <[5,80].
» Integral gains:

ek, €[0.115], k, €[0.1,12].
» Derivative gains:

ek €[5120],k,, €[3,70].

B. The NSGA-II Algorithm

The Non-dominated Sorting Genetic
Algorithm I (NSGA-II) is an elitist multi-
objective evolutionary algorithm well-reputed
for its efficiency and robust performance in
finding a well-distributed set of Pareto-optimal
solutions [14]. It operates on a population of
candidate solutions (sets of PID gains) and
iteratively evolves them toward the optimal
trade-off front. The general workflow is
depicted in Fig. 2.

e INITIATE POPULATION FITNESS FUNCTIONS m‘:!‘:?g’:mﬁri? L SORTING
(Generation=1) EVALUATION il £

NO
SELECTION
YES STOPING
CRITERIA MET2
MUTATION

SELECHINDIVIDUALS COMBINE PARENT AND FITNESS FUNCTIONS
s ot ang OFFSPRING POPULATIONS EVALUATION
crowding distance)

Fig. 2. NSGA Il Algorithm flowchart [18]

STOP
(Report Pareto
Optimal Front)

CROSSOVER

ONI¥dSIH0

The algorithm begins by initializing a
random population of individuals within the
predefined gain constraints. Each individual is
then evaluated by running a closed-loop
system simulation to calculate the objective
function values, (f;) and (f;). The core of
NSGA-II lies in its selection mechanism. First,
the population is sorted into different non-
domination fronts. Solutions that are not
dominated by any other solution are assigned
to the first front. This process is repeated to
form subsequent fronts.

To maintain diversity and prevent
premature convergence to a small region of
the search space, a crowding distance metric
is calculated for each solution within a front
[19]. This metric estimates the density of
solutions, favoring individuals in less-crowded
regions. An offspring population is then
generated using genetic operators: binary
tournament selection (which considers both
rank and crowding distance), simulated binary
crossover, and polynomial mutation [14].
Finally, an elitist strategy combines the parent
and offspring populations, and the best
individuals are selected for the next
generation, ensuring that high-quality

Vol. 11, Issue 1, March-2026| ISSN: 2543-3792- EISSN: 2676-1548 19



ALGERIAN JOURNAL OF SIGNALS AND SYSTEMS (AJSS)

solutions are preserved. This iterative process
continues until a termination criterion, such as
a maximum number of generations, is met.

4. SIMULATION RESULTS

The NSGA-II was configured with a
population of 100 individuals and run for 200
generations.  Crossover and mutation
probabilities were 0.90 and 0.12, respectively,
with distribution indices of 20 for both
operators. The reference signals were phase-
shifted square waves for pitch and yaw,
respectively, with a disturbance of magnitude
0.4 rad and a duration of 2s introduced at 10s
to test rejection capabilities. The performance
of the NSGA-ll-tuned controllers was
compared with that of a baseline PD-Ref
controller from the constructor [9].

After 200 generations, the algorithm
converged to the well-distributed Pareto front
shown in Fig. 3. The front clearly illustrates the
trade-off between tracking error (f;) and
control effort (f). Three representative
solutions were selected for analysis: PID-f1
(the best tracking), PID-f2 (the lowest effort),
and PID-Comp (a balanced compromise).

Final Pareto Front

®  Pareto Front
B PID Compromise

90

80

~
=]
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S
o
‘s

f2: Control Effort
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o

o
=]
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f1: Tracking Performance
Fig. 3. Simulated pitch response with disturbance

The simulated square wave tracking
responses for pitch and yaw tracking are
shown in Figs. 4 and 5, respectively. The PID-
f1  controller demonstrates the fastest
response and quickest disturbance rejection,
closely following the reference. In contrast,
PID-f2 is noticeably slower and more sluggish.
The PID-Comp controller provides a response
that is nearly as fast as PID-f1 but with less
overshoot.
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Fig. 4. Simulated pitch response with disturbance
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Fig. 5. Simulated yaw response with disturbance
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Fig. 6. Simulated controllers’ comparison for pitch tracking

This behavior is further explained by the
control signals shown in Figs. 6 and 7. The
PID-f1 controller utilizes aggressive, high-
amplitude control voltages to achieve its fast
tracking, which could lead to actuator
saturation and wear in a real system. The PID-
f2 controller, by design, utilizes minimal
voltage, resulting in a slower response. The
PID-Comp controller's signals are more
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moderate, balancing aggressive action with
energy conservation.

Quantitative analysis in Tables 2 and 3
confirms these observations. For pitch
tracking (Table 2), PID-f1 has a slightly higher
ISE (0.8706) than the PD-Ref (0.8184) but a
lower ITAE (28.47 vs 29.45), indicating faster
settling. PID-f2 has the worst performance
across all metrics. For yaw tracking (Table 3),
the trends are similar, with PID-Comp (ISE
3.4230) performing comparably to the
baseline PD-Ref (ISE 3.3055) but with the
added benefit of integral action for steady-
state error elimination. These results highlight
the effectiveness of the multi-objective
approach in generating a spectrum of
controllers, with PID-Comp emerging as a
strong candidate for practical implementation.

Yaw Control

Yaw Motor (V)

= = = PD Ref
PID f1
PID f2
PID Comp

15 20 25 30
Time (s)
Fig. 7. Simulated controllers’ comparison for yaw tracking

Table 2. Pitch simulation performance comparison

Controller ISE ITAE RMSE
PD-ref 0.8184 29.45 0.1652
PID-f1 0.8706 28.47 0.1704
PID-f2 1.2159 51.54 0.2013
PID-comp 0.9205 34.56 0.1752

Table 3. Yaw simulation performance comparison

Controller ISE ITAE RMSE
PD-ref 3.3055 75.37 0.3320
PID-f1 3.5718 85.95 0.3451
PID-f2 5.1542 132.4 0.4145
PID-comp 3.4230 79.83 0.3378

5. Experimental Validation

To validate the simulation results and assess
real-world performance, the three selected
PID controllers and the baseline PD-Ref were
implemented on the Quanser Aero 2
hardware. The experimental setup is pictured
in Fig. 8, and the obtained hardware
implementation responses to the same square

wave reference and disturbance used in
simulations are illustrated in Figs. 9 and 10.

Fig. 8. Experimental setup at lab.
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Fig. 10. Experimental yaw response with disturbance

The  experimental results  largely
corroborate the simulation results. The PID-f1
controller again provides the most responsive
tracking, while PID-f2 is the most
conservative. The PID-Comp controller
maintains its excellent balance of speed and
stability. The experimental control signals
(Figs. 11 and 12) are noisier than in
simulation, which is expected due to sensor
noise, unmodeled dynamics, and
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environmental factors. Notably, the
aggressive nature of PID-f1 is even more
apparent in the hardware implementation, with
control signals frequently chattering and
approaching the saturation limits.

Pitch Hardware Control
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Fig. 11. Experimental comparison of controllers for pitch
tracking

Yaw Hardware Control
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Fig. 12. Experimental comparison of controllers for yaw
tracking

The quantitative performance metrics from
the hardware tests are presented in Tables 4
and 5. For pitch control (Table 4), PID-f1
achieves the lowest ISE (0.5414) and ITAE
(24.20), outperforming the PD-Ref and
confirming its superior tracking ability in
practice. The PID-Comp controller (ISE
0.5554) performs nearly as well, offering a
robust alternative with significantly less control
effort. For yaw control (Table 5), PID-f1 again
shows strong performance (ITAE 81.04),
closely followed by the PD-Ref (ITAE 84.09).
The PID-Comp controller (ITAE 90.07)
remains a viable choice, especially
considering its smoother control action.

The consistency between simulation and
experimental data validates the linearized
model and the effectiveness of the NSGA-II

optimization process for a real-world
application.

Table 4. Experimental performance comparison for pitch

Controller ISE ITAE RMSE
PD-ref 0.5799 26.59 0.1391
PID-f1 0.5414 24.20 0.1344
PID-f2 1.0874 49.71 0.1904
PID-comp 0.5554 29.01 0.1361

Table 5. Experimental performance comparison for yaw

Controller ISE ITAE RMSE
PD-ref 3.1618 84.09 0.3247
PID-f1 3.4238 81.04 0.3378
PID-f2 6.4867 166.8 0.4650
PID-comp 3.3381 90.07 0.3336

6. Discussion

The results validate the multi-objective
optimization approach for this mechatronic
system, demonstrating strong correlation
between simulation and experiments. The
performance hierarchy (PID-f1 > PID-Comp >
PID-f2) remained consistent across both
domains. For pitch control, PID-Comp
achieved ISE values of 0.9205 (simulation)
and 0.5554 (experiment), confirming the
linearized model's fidelity and the robustness
of optimized gains during hardware transfer.

Experimental control signals (Figs. 11, 12)
exhibited high-frequency noise absent in
simulation (Figs. 6, 7), attributable to sensor
noise, unmodeled nonlinearities (friction,
aerodynamic drag), and actuator dynamics.
The aggressive PID-f1 controller amplified this
noise due to high derivative gains, highlighting
practical limitations of tracking-optimized
controllers.

Disturbance rejection tests confirmed
closed-loop stability across all optimized
controllers. The integral action ensured zero
steady-state error, essential for precision
applications [20]. PID-Comp demonstrated
excellent disturbance rejection  without
excessive control effort, proving suitable for
real-world  conditions  with  unexpected
perturbations.

7. Conclusion

This paper presents a comprehensive
framework for tuning decentralized PID
controllers for the coupled MIMO Quanser
Aero 2 system using NSGA-II multi-objective
optimization. The approach generates a
Pareto front that explicitly maps the trade-off
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between tracking precision and control effort.
Simulation and hardware validation confirmed
that the selected controllers, PID-f1 (high
performance), PID-f2 (low effort), and PID-
Comp (balanced), behaved as predicted, with
PID-Comp delivering near-optimal tracking
with practical actuation levels.

This validated case study bridges the gap
between simulation and practice for
evolutionary optimization applied to real-world
MIMO systems. The methodology is broadly
applicable to industrial  PID-controlled
platforms, offering reduced tuning time and
enhanced performance. Future work will
incorporate robustness as a third objective,
benchmark alternative optimization
algorithms, and extend the framework to more
complex systems such as fully actuated
UAVs.
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