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This article proposes implementing and comparing the effectiveness of
three optimization algorithms (ACO, PSO, and FPA) for tuning a
proportional-integral-derivative (PID) controller on an Arduino Mega 2560
board. This relatively unexplored approach aims to evaluate these
algorithms through practical experiments. The choice of PID control is due
to its design simplicity and widespread industrial use. Similarly, the
permanent magnet DC motor (PMDC) was selected because of its crucial
role in various industrial sectors. Tuning PID parameters using
optimization algorithms has garnered increasing interest due to its
demonstrated efficiency. Several studies have validated the stability of
ACO, PSO, and FPA algorithms, justifying their selection. In this article,
simulation results showed that ACO, with a response time of 0.322s and an
overshoot of 0.68%, was more effective than PSO, which had a response
time of 0.768s and an overshoot of 13%. FPA had a response time of
0.347s, close to ACO, but a higher overshoot of 6%. In practice, several
factors come into play, such as speed ripples caused by the speed sensor,
and machine saturation, which must be considered to ensure practical
implementation. After adjusting the PID parameters and integrating a low-
pass filter in the feedback loop, ACO, with a response time of 0.596s and
an overshoot of 1.68%, was very close to FPA, which had a response time
of 0.644s and an overshoot of 0.81%. This comparison highlighted the
advantages of the FPA algorithm, which is simple to use, requires fewer
parameters to adjust, and takes less time than ACO. This study suggests the
potential for implementing a hybrid FPA-ACO algorithm, leveraging the
strengths of both algorithms.

This is an open-access article under the CC-BY-SA license.

1. Introduction

The PID controller remains one of the most widespread and effective tools in the field of
automation and control of dynamic systems [1], [2]. Its popularity endures due to its simple design,
ease of implementation, and ability to provide robust control performance across a wide range of
applications such as : Variable Speed Pumping Systems [3], robotic arm [4], Magnetic Levitation
System [5], [6], Converter [7], [8], Inverted Pendulum [9], Quadcopter [10], [11]. When estimating
PID controller coefficients, two main approaches are commonly used:
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e Trial and Error Method: This involves manual adjustments of coefficients, which can be time-
consuming and prone to human error, and does not always guarantee an optimal solution [12],
[13].

e  Optimization Algorithms: These algorithms aim to minimize a cost function that measures the
difference between the system response and the desired behavior by progressively adjusting the
PID coefficients using mathematical techniques [14]-[16]. They offer the advantage of
converging towards an optimal solution, especially for complex or nonlinear systems, and can
be automated to save time and resources. However, they require accurate system modeling, and
the choice of algorithm can impact solution quality.

Recent research has explored a number of optimization algorithms for adjusting PID controller
parameters such as Artificial Bee Colony Algorithm(ABC) [17], [18], Flower Pollination Algorithm
(FPA) [19], [20], Sine Cosine Algorithm (SCA) [21], Grey Wolf Optimizer (GWO) [22], [23],
Genetic Algorithm (GA) [24], Water Wave Optimization (WWO) [25], Firefly Algorithm(FA) [26],
[27], Bat Algorithm (BA) [28], [29], Harris Hawk Optimization (HHA) [30], [31], Ant Colony
Optimization(ACO) [32], [33], Particle Swarm Optimization (PSO) [34], [35], Reinforcement
Learning (RL) [36], [37]. In addition, this article [38] presents a synthesis of the algorithms used for
controlling DC motors via PID controllers, along with recent publications in renowned journals
addressing this subject. The article explores various methods of optimizing the control of DC motors,
focusing on the use of PID controllers.

Given the variety of optimization algorithms, comparing these algorithms is essential for several
reasons. First, it allows evaluating their efficiency and performance, as different algorithms may
converge to different solutions in terms of speed and quality [39]. Second, it considers how sensitive
these algorithms are to specific system characteristics, such as nonlinearities or constraints, to choose
the most suitable one. Additionally, it assesses algorithm robustness, i.e., their ability to provide
quality solutions under various problem conditions and configurations. Finally, it takes into account
computational complexity by evaluating computation time and required resources to strike a balance
between accuracy and efficiency [40].

Several studies have compared these approaches, including GA_ACO _PSO [41], ABC,
Bat_ GWO_PSO [42], GA_ABC_PSO [43]. Further research has confirmed the stability of the results
obtained by the ACO, PSO, and FPA algorithms compared to other methods. To confirm the stability
of these algorithms and justify our choice, we propose to give the most important comparisons:

FPA, in particular, is inspired by the natural process of flower pollination, using biological
concepts to solve optimization problems. This allows for the effective modeling of solutions for
complex systems. FPA effectively balances exploration (global search) and exploitation (local
search), which is crucial for avoiding local minima and converging to optimal solutions.
Additionally, FPA is flexible and can be applied to a wide range of optimization problems. In
comparison with other algorithms:

e  Genetic Algorithms (GA) [44] are powerful but can be slow and suffer from premature
convergence. FPA, with its unique pollination mechanism, often overcomes these limitations.

PSO is easy to understand and implement, requiring fewer parameters to adjust compared to
other algorithms like GA. It is known for its rapid convergence, especially in problems where the
objective function is relatively smooth. PSO is inspired by the social behavior of birds, where each
particle adjusts its position based on its own experience and that of other particles, facilitating the
discovery of optimal solutions. PSO is robust and can effectively handle multi-dimensional and
nonlinear problems. In comparison with other algorithms:

o Differential Evolution (DE) [45] is powerful but can take more time to converge. PSO tends to
converge faster with fewer parameters to adjust.
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e Atrtificial Bee Colony (ABC) [46], inspired by the behavior of bees, is often more complex to
implement than PSO, which is easier to adapt due to its simple particle dynamics.

ACO is capable of finding optimal solutions in vast and complex search spaces by effectively
exploiting the best solutions found so far. It can be easily adapted to various constraints and specific
objectives, making it useful for a variety of industrial and research problems. In comparison with
other algorithms:

e  GA can sometimes struggle to find optimal solutions for combinatorial problems due to the
stochastic nature of crossover and mutation, whereas ACO is often better suited [47].

e Bacterial Foraging Optimization (BFO) [48] is powerful but can be complex to implement and
adjust. ACO, with its mechanisms of pheromone deposition and evaporation, is often more
intuitive and direct for pathfinding problems.

The choice of FPA, PSO, and ACO algorithms for a comparative study on Arduino is justified
by their unique and complementary characteristics:

e FPA: Offers an excellent balance between exploration and exploitation, with high adaptability
for various optimization problems.

e PSO: Known for its simplicity and rapid convergence, particularly effective for continuous and
nonlinear problems.

e ACO: Particularly suited for combinatorial and discrete optimization problems, with effective
reinforcement mechanisms.

These three algorithms provide a broad and robust coverage of optimization problem types,
allowing for an exhaustive and relevant comparison in various industrial and academic contexts. To
this end, we plan to implement a PID controller whose coefficients will be optimized by the FPA
algorithm, using an Arduino Mega 2560 board. Subsequently, we will compare the performances of
the three algorithms (ACO, PSO, and FPA) based on experimental results applied to PMDC. This
approach, still relatively unexplored on hardware controlling a PMDC, is relevant.

Despite the emergence of newer technologies such as induction AC motors and stepper motors,
PMDC motors retain an important role in many industrial and commercial sectors [49]-[51]. Indeed,
PMDC motors are particularly useful for conveyor systems, industrial robots, and machine tools
requiring variable speeds and precise movements, while enabling precise torque control [52], [53].
Thus, the results of simulations and experiments can be more easily applied to real industrial
scenarios, such as robotic arms used in assembly, welding, or other repetitive tasks. Arduino controls
the PMDC motors responsible for the articulated movements of the robot.

The PID controller, optimized by the optimization algorithm, ensures smooth and precise
movements by correcting position and speed errors in real-time. This process aims to improve the
accuracy and repeatability of the tasks performed by the robot, thereby increasing the quality and
speed of production. PID controllers are used in a wide range of industrial applications, making this
study a solid foundation for understanding and improving the performance of practical control
systems. Indeed, the use of PID controllers and PMDC motors in a simulation study on Arduino to
compare the ACO, PSO, and FPA algorithms is justified by their simplicity, availability, and
representativeness of real industrial systems. PMDC motors, in particular, offer considerable
advantages in terms of precise control, reduced maintenance, and quick response, making them ideal
for a multitude of industrial and experimental applications. To successfully complete this
experimental section, Section 2 of the article, which corresponds to the methodology used, first
describes the ACO, PSO, and FPA optimization algorithms to provide a clear understanding of these
algorithms. Next, it outlines the basic principles for implementing these algorithms and controlling
a PMDC motor through the L298n driver on an Arduino Mega 2560 board. The following step
involves using MATLAB/Simulink for identifying the transfer function of the PMDC motor.
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To better understand the other sections and the importance of these algorithms in the control of
PMDC motors, our article highlights their utility by organizing our work into four sections: Section
2 describes the methods used, Section 3 simulates the algorithms with MATLAB/Simulink, Section
3 implements the algorithms on Arduino Mega, and Section 4 presents the conclusion of our study.

2. Method
2.1. Ant Colony Optimizations

[32] ACO is an optimization algorithm based on the behavior of ants searching for optimal paths
between their colony and a food source. Inspired by real ant behavior, ACO uses an iterative process
where artificial ants deposit "pheromones” along explored paths. Paths with stronger pheromones
become more attractive to other ants, promoting the exploration of promising solutions. Over time,
this algorithm converges towards optimal or near-optimal solutions.

For an ant k located at node i, the probability of choosing to move towards another node in the
network is given by the following relationship:

@ mH*
P Sk G ()P
0
Where rf‘j represents the pheromone levels for ant k at node i, where the denominator is a summation

to encompass all potential paths, with Ndenoting the set of possible trails for ant k when located at
node i.

if jeNk
if j& Nf

1)

Parameters « and S influence the pheromone evaporation process and the behavior of ants.
Specifically, a regulates the significance of pheromone quantity in ant decision-making for their
subsequent steps. Conversely, § governs the importance of heuristic information in the decision-
making process. A higher a accentuates the impact of pheromone quantity, while a higher 8
emphasizes the significance of heuristic information. Conversely, lower o values reduce the influence
of pheromone, promoting exploration of new paths, whereas lower g values increase reliance on
heuristic information.

The selection of a and B is contingent upon the desired convergence speed of ants toward an
optimal solution. These values aim to strike a balance between exploration (seeking new paths) and
exploitation (utilizing known information).

Tij <_(1 - p)Tij avec 0sp<1 (2)

Where nf]- heuristic information (visibility), p is the percentage of pheromone vaporization
(evaporate rate). When ants traverse a path, the pheromone levels are updated as follows:

m
Ty Ty + Z AT 3)
k=1
With
1
A‘L’lkj = ﬁ (4)

The reward for ant k is linked to C* for choosing this path.

The optimal selection of K;, Kp and K4 ensures that the objective function ITAE (Integral of
Time-weighted Absolute Error) is minimized:

Adil Najem (Simulation and Arduino Hardware Implementation of ACO, PSO, and FPA Optimization Algorithms for
Speed Control of a DC Motor)



International Journal of Robotics and Control Systems

1190
Vol. 4, No. 3, 2024, pp. 1186-1206

ISSN 2775-2658

t

ITAE = ftleldt (5)
0

Where ¢ is a parameter introduced to reinforce pheromone levels as ants approach optimal solutions.
To use ACO, we must proceed with the following steps:

o  Step 1: Define a search space that includes the possible solutions for the optimization parameters
Ki' Kp and Kd'

e  Step 2: Initialize the number of ants and iterations, and set all discrete values in the search space
to the same initial pheromone value .

e  Step 3: Calculate the probability (1). Choose a and B; in our case, « = 1 and 8 = 0 provide a
good balance between exploration and exploitation.

e  Step 4: For each ant, determine K;, Kp and Ky for this we must identify the best value f,.s: the
worst value f,,,rsc Dased on the objective function ITAE.

e  Step 5: Repeat the same procedure for several iterations

Pheromone should be added for f} s

_ old (k)
T}””W = T}’ + z Arj (6)
K

Reduced for f,,orst-

":‘]’neW = (1 - p)ijld (7)

Fig. 1 outlines the steps to obtain the optimal solution in the form of a flowchart.

The parameter adjustment phase is very complex and requires several attempts to find the right
settings. For ACO, choosing a larger population N (humber of ants in the colony) can explore more
of the search space but increases computation time. It is wise to start with a moderate number and
adjust based on the complexity of the problem and available computational resources.

Similarly, increasing the number of iterations allows for more thorough exploration and
refinement but requires more time. To adjust this parameter, it is best to determine it based on the
convergence rate observed during initial trials. If improvements slow significantly, consider stopping
earlier.

Start with « = 1. Adjust upwards if the algorithm converges too slowly and downwards if it
converges too quickly and lacks exploration. Next, start with § = 2. Increase it if the problem has
strong heuristic information and decrease it if the heuristic information is less reliable. Typical values
for the evaporation rate (p) range from 0.1 to 0.7. Adjust based on the required balance between
exploration and exploitation.

For the pheromone reinforcement coefficient ({), generally use small reinforcement values
initially and adjust based on observed performance.

2.2. Particle Swarm Optimization

PSO is an optimization algorithm based on the behavior of flocks of birds or swarms of insects.
In PSO, a population of potential solutions, called "particles,” is iteratively improved by moving
through the search space based on their own experience and that of their neighbors. Each particle has
a position and a velocity in the search space. The particles adjust their velocity and position based on
the performance of the best solutions found by themselves and their neighbors. PSO is often used for
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continuous or discrete optimization problems and is known for its conceptual simplicity and ease of
implementation. To use PSO, we must proceed with the following steps:

Initialize ACO parameters

v

Calculate the probability for eacll
value discrete

==

4
NO
Ant=
Ant+ Determine the possible values
'y K, Kpand K,
v
Calculate the ITAEerror
]
Tour=
Tour+1

Find thefbestand fworst
3 v

Increase the pheromone for fhg, and
decrease for thg, ..

v

Ant=0

v

Delivering the best results

Fig. 1. Flowchart for ACO algorithm
Step 1:
e Initial population (number of particles N)
e Initial position (x) and velocity (v)

o ASSIgN ppest aNd gpest

With pp.s:: local optimal solution and gy,.s:: global optimal solution.

Step 2: Update velocity and position of each particle

v,(6) = 0v;(t = 1) + &173 (Poesti — %i(t = 1)) + 275 (Gpest, — x:(t = 1) (8)
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xi(8) = x;(t = 1) + v (¢) C)]
With: 6 is inertia weight, c;and c, are individual and social cognitive,
r, and r, are uniformly distributed random numbers in the rang (0,1).
Step 3: Evaluate the objective function ITAE and update ppes: and gpest.
Step 4: Repeat the same procedure for several iterations.

[34] The flowchart provides an overview of the steps to optimize using PSO Fig. 2.

Initial all the Particles

v

Initialize the K;, Kpand K, values

randomly

[
»

Compute fitness value of each
particle

A
Update local optimal solution and global
optimal solution according to the fitness
value

Update the location and speed of the particles

NO

Reach the number of
iteration or satisfy
the minimum limit?

Output parameters K; Kpand K,

End

Fig. 2. Flowchart for PSO algorithm

To adjust the PSO parameters, the number of particles and iterations should be moderate at the
beginning.

Start with the cognitive parameter (C1), which influences the personal experience of each
particle in updating its position. Higher values increase the importance of the individual component,
favoring exploration. Adjust (C1) based on the need for individual exploration.

Next, adjust the social parameter (C2), which influences the collective experience of the group
of particles in updating their positions. Adjust (C2) based on the need for collective exploration.
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Finally, the inertia weight (8) influences the previous velocity of a particle on its current
velocity. Typical values range from 0.4 to 0.9. A decreasing inertia weight, which diminishes over
iterations, is often used to balance exploration and exploitation.

2.3. Flower Pollination Algorithm

FPA is a bio-inspired optimization algorithm based on the process of flower pollination in
nature. In FPA, each potential solution is considered as a "flower," and the pollination processes
between flowers are simulated to search for optimal solutions. Flowers attract pollinators (such as
bees, butterflies, etc.) by releasing attractive chemical substances. These pollinators carry pollen
between flowers, facilitating reproduction and diversification of plant species. In FPA, solutions are
updated based on the quality of flowers and interactions between them. FPA is often used for
continuous and discrete optimization problems and is appreciated for its simplicity and robustness.
[54] The following steps describe the FPA algorithm:

a) Stepl:

e Initialize the population of flowers (N) based on the following equation:

Xi = Lb + Rand X (Ub - Lb) (10)
Where [L, Up]is the search space for optimal solutions.
e  Determine the objective function for each flower, then select the flower for the best solution X ;.

b) Step 2: Select a random number (Rand) for each flower, if the number is less than the probability
p, then generate a step o and apply global pollination.

Xt =X+ o(Xf — Xy) (11)
Where X} is the pollen i or the solution vector X; at the t*" iteration.
X4 the current best solution among the current options in the current iteration.

c) Step 3: For numbers greater than the probability p, apply local pollination.

X =xt+ e(Xjf =. (12)

Where X]-t, XE. represent the pollens of different flowers of the same species. e belongs to the interval
[0,1].

d) Step 4: In case the new solutions are more promising, they should be replaced and repeat the
steps for all populations to find the current solution.

To adjust the FPA parameters, start with moderate values for the population size and the number
of iterations. Then, adjust according to the need for global exploration (p) or local exploration (1-p).
If the algorithm converges too slowly, increase (p). If the algorithm converges too quickly without
finding good solutions, decrease (p). Fig. 3 represents the flowchart that describes the steps to follow
to achieve an optimal solution.

2.4. PID Controller

PID Controller One of the key objectives of this study is to optimize the performance of the PID
controller by determining coefficients that ensure optimal rise time, settling time, overshoot, and
accuracy. To achieve this, we have chosen to use three optimization algorithms: ACO, PSO, and
FPA. These algorithms aim to adjust the parameters of the PID, whose transfer function is as follows:

U(s)
E(s)

k;
=k + legs (13)

Adil Najem (Simulation and Arduino Hardware Implementation of ACO, PSO, and FPA Optimization Algorithms for
Speed Control of a DC Motor)



International Journal of Robotics and Control Systems

1194
Vol. 4, No. 3, 2024, pp. 1186-1206

ISSN 2775-2658

With k,, representing the proportional coefficient, k; the integral coefficient, k, the derivative
coefficient, U the control signal, and E the error between the actual value and the setpoint.

Initialize population solution X= (X, X5, X5 ..)

v

Initialize the K;, Kpand K; values randomly

Determine best solution X €X;
¥
Define a switch probability p €[0,1]
¥
Tter=1
Y
NO
Iter=Max ¥
Yes Output parameters
Tter=Tter+1 =1 K; Kpand K,
Update X, ¢ End
NO
fe 2 Rand=<p
X;= global pollination X:=local pollination
NO
=I+1
A
Yes
X=X/

Fig. 3. Flowchart for FPA algorithm [47]

Fig. 4 depicts the functional diagram of a speed control system for a PMDC motor using an
Arduino Mega 2560 board. In this system, a PID controller optimized by optimization algorithms is
implemented on real hardware. The Arduino board sends a Pulse Width Modulation (PWM) signal
to the L298n driver, which in turn provides an optimal voltage to the PMDC motor to track the speed
setpoint. A Hall effect speed sensor sends pulses to the Arduino board via a feedback loop, allowing
the board to convert them into a numeric value expressing the speed in revolutions per minute (RPM).
The error is deduced by subtracting the speed expressed in RPM from the setpoint.

Interrupt

Fig. 4. Block diagram of a speed control
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2.5. ldentification

To validate these optimization algorithms and determine the coefficients of the PID controller,
we need to go through the model identification process using the MATLAB ldentification Toolbox,
which provides a series of powerful tools for identifying models of dynamic systems from
experimental data. This process involves estimating the parameters of a mathematical model using
measurements or observations from the real system.

We will model the transfer function of the PMDC motor and the L298N driver. To do this, we
will create a model in MATLAB/Simulink that will be implemented on Arduino. This model will
take input from the Hall effect speed sensor pulse and produce a PWM signal as output.

Subsequently, measurements of different speed values for various duty cycle settings are sent to
MATLAB, as shown in Fig. 5 and Fig. 6.

MATLAB
TVia USB
Arduino Mega ™ p!| Motor Driver 2% DC Motor
T Interrupt
Encoder Sensor < Speed

Fig. 5. Block diagram of the identification function

Block 1

Duty cycle g ARDUINO|I

= 1 UL

Freq: Dafault

Pin: 5
Block 2
Block 3
F‘x!mxumi.lm;HTF-E-n:'_::\lm. — I r L
ROUT ' Speed
I [0l - ”"'EJ_' H w— i e ]
) Pin: 2 J I I .

— o wm wm wm ), READRPM ]
Fig. 6. Block diagram of the identification function in MATLAB/Simulink

Block 1 sends a PWM signal through pin 5 of the Arduino board to the L298n driver, which in
turn sends a PWM signal to the PMDC motor. Block 2 enables the acquisition of pulses generated
by the speed sensor, connected to interrupt pin 2 of the Arduino. This block also detects rising edges
and converts them into integer values. Block 3, illustrated in Fig. 7, calculates the speed in RPM. To
do this, we first count the detected pulses by incrementing a counter at each detected rising edge.

We then consider only the last 100 samples. At this stage, we have the number of pulses, but to
convert it to RPM, we use the following formula:

_ N x1000 x 60

RPM = 14
TxP (14)
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Where N represents the number of counted pulses, T is the time required to count the 100 samples,
and P is the number of points per revolution of the sensor. This formula is represented as a block in
Fig. 7.

Fig. 7. Diagram for reading speed in RPM in MATLAB/Simulink

The core principle of system identification revolves around deriving an approximate
mathematical pattern based on collected experimental data, representing the system's input and
output. In MATLAB, this procedure can be facilitated using one of the software's built-in toolboxes,
as depicted in Fig. 8. This toolbox comprises various functions tailored for the system identification
process, including preprocessing and estimation. Users can import experimental data directly into
the toolbox's interface and choose the mathematical operations required for the system identification
algorithm. Additionally, the toolbox offers functions to analyze the performance of the estimated
system model, rendering it a comprehensive solution for system identification tasks.

& System ldentification - Untitled - o %
File Optiens Windew Help
g datn o import modeis bt
_'._ Operations 1._
J £ Preprocsss r M
rrypdiata 1_
= E
Wiorking Data
Estimale —» et
Data Views T odel Views
['] T
£ Time plot Workspaos | | LTI Viewsr | [ Modsl output (] Transient resp Monlnear ARK
[] Dot spectra [] Modei resids ] Frequency resp H e Ve ner
(] Frequency functon m _,_/‘/ (] Zeros and poiles
| mydads Ho
Trash ‘akidation Ciats [] Hole specirum
Model 11" inseried inbo the mode board

Fig. 8. MATLAB system identification toolbox

After collecting the data (duty cycle and speed) and storing it in MATLAB's Workspace, we use
the System Identification Toolbox to estimate the transfer function of the system to be controlled.
Multiple attempts are necessary to achieve a good estimation of the transfer function. The results of
this estimated transfer function are then compared in a closed-loop simulation against real-world
operations using the actual system. Adjusting the transfer function derived from the toolbox is
essential to closely match the real-world behavior. The transfer function of the PMDC deduced from
the identification box is:

700.3

15
s2+25.11s + 12 (15)
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3. Simulation

The simulation in MATLAB aims to determine the optimal coefficients of the PID controller
using optimization algorithms (ACO, PSO, and FPA) based on the transfer function deduced from
the identification tool. Fig. 9 illustrates the work carried out in MATLAB/Simulink.

__,| OPTIMIZATION
. | ALGORITHMS
fpi kit Ka
| v _ v v
. I
Set point PID — » DC MOTOR
CONTROL

ENCODER ¢ Speed |
SENSOR

Fig. 9. Block diagram of PID control with optimization algorithms

Table 1, Table 2, and Table 3 elucidate the parameters of the algorithms (ACO, PSO, and FPA)
used to determine the optimized coefficients k,, k; and k; to achieve a minimal ITAE objective
function.

Table 1. ACO Parameter values

Description and Symbol Values

Population size(N) 100

Maximum number of iteration (lter) 120
Alpha(a) 1
Beta(p) 0

Evaporation rate(p) 0.6

Step to obtain an optimal solution(h) 0.01
Reinforce pheromone(() 2

Table 2. PSO Parameter values

Description and Symbol Values
Population size(N) 80
Maximum number of iteration (lter) 90
Cognitive Parameter(C1) 2
Social parameter(C2) 2

Table 3. FPA Parameter values

Description and Symbol Values
Population size(N) 80
Maximum number of iteration (lter) 100
Probability of switching (p) 0.7

Fig. 10 compares the performance of three algorithms: ACO, FPA, and PSO. The PSO algorithm
shows a response time of 0.768s, a rise time of 0.102s, and an overshoot of 13%. In comparison, the
FPA algorithm exhibits a faster response time at 0.347s with an overshoot of 6.4%, which is better
than PSO in certain aspects. On the other hand, ACO achieves a response time of 0.322s with an
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overshoot of only 0.68%, demonstrating its efficiency compared to the other two algorithms (PSO
and FPA).

Although ACO has proven effective in optimization compared to PSO and FPA, it requires more

time and its numerous parameters make the choice of values more complex. In comparison, PSO and
FPA are easier to manage due to their simplicity and fewer parameters.

T T T

2000

1500

Speed[tr/mn]
o o
s 8

—ACO
—FPA
n -
1 | | | | | | _PSO
0 1 2 3 4 5 6 7 8 9 10
Time[s]

Fig. 10. Speed response by MATLAB/Simulink

Table 4 summarizes the performance obtained using the three optimization algorithms.

Table 4. Results of simulation of PSO, FPA and ACO

Rise Settling Overshoot
PID Controller Parameters . -
Method Time Time
ky k; kg tr (sec) ts (sec) MP (%)
PSO 45 6.48 0.03 0.102 0.768 13
FPA 3 1.758 0.000127 0.138 0.347 6
ACO 8 2 0.4 0.196 0.322 0.68

4. Experimentation

In this practical phase, we will test these optimization coefficients on real hardware by
integrating them into the embedded controller of an Arduino Mega board. The part implemented on

Arduino is illustrated in Fig. 11 and Fig. 12. as well as the PMDC motor with characteristics
mentioned in Table 5.

Fig. 11. Experimental work illustration
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Table 5. Parameters and corresponding values of PMDC

Parameter and Symbol Values
Moment of Inertia (J) 19e-7kg.m?
Friction coefficient (f) 52.77e-6N.ms
Back EMFconstant(k,) 0.0229V/rad. s *
Torque constant (k) 0.0214N.m/A
Electric resistance(R) 80
Armature inductance(L) 10e-03H
ARDUINO
£ UL ]
Fre%_ Default .
in: 5 Pin: 22
ARDUINO
Pin: 26
DATA AQUISITION & PROCESSING
ARDUINO — 178
I A s+ 1.75
W U>Uiz o  ims L o 1 "
Pin: 2

READ RPM

Fig. 12. Block diagram of a speed control in MATLAB/Simulink

This practical phase will allow us to effectively evaluate the comparison between the three
algorithms (ACO, PSO, and FPA), taking into account all nonlinearities and uncertainties of all
components in the control chain.

To start with, we tested the following optimization coefficients:  k,=2.5, k;=2, and k4=0.4,
which are very close to those of ACO with a set point of 1600 rpm. Fig. 13 shows the motor speed,
which exhibits fluctuations that could affect speed control. Therefore, we decided to use a low-pass
filter, whose cutoff frequency was adjusted through trial and error. Additionally, we made slight
modifications to the optimization coefficients (k,=3, k;=2, and k;=0.4) since the identified function
represents an approximation of the system. Fig. 14 illustrates the adjustments made to the control
system and the positive effect of the low-pass filter on motor speed. Speed sensors can be affected
by electrical noise and other disturbances, creating rapid and erratic fluctuations in the speed signal.
The low-pass filter attenuates the high-frequency components of the speed measurement signal,
reducing noise and providing a cleaner signal for the PID controller. A more stable speed
measurement allows the PID controller to operate more effectively, improving the accuracy and
stability of speed control.

Integrating a low-pass filter in the speed control of a PMDC motor offers significant advantages
in terms of noise reduction, improved stability, and reduced mechanical wear. However, it is crucial
to manage the delays introduced by the filter and choose an appropriate cutoff frequency to balance
noise reduction and system responsiveness. By adopting an experimental and iterative approach, it
is possible to leverage the benefits of filtering while minimizing its drawbacks.

Based on the optimization coefficients obtained through the iterations using the algorithms
(ACO, PSO, and FPA) in MATLAB/Simulink, we were able to control the speed of the PMDC on
real hardware, with some adjustments to kp, ki, and kd considering that the transfer function in
MATLAB is an approximation of the real system. Fig. 15 highlights this control, and Table 4
summarizes the control performance.
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The results of the experiment show a close correlation between the simulation results and those
obtained through PSO optimization. The system optimized by PSO demonstrates a response time of
0.753 seconds, an overshoot of 19%, and a rise time of 0.204 seconds. In comparison, using FPA
yields a response time of 0.644 seconds with an overshoot of only 0.81%. These performances are
remarkably close to those achieved with ACO, which shows a response time of 0.596 seconds and
an overshoot of 1.68%. Table 6 shows these results.

Table 6. Comparative performance of PSO, FPA and ACO

PID Controller Parameters Rise Time Settling Time Overshoot

Method Kk, K; kq tr (sec) ts (sec) MP (%)
PSO 1.6 6.48 0.1 0.204 0.753 19
FPA 0.95 1.758 0.000127 0.520 0.644 0.81
ACO 4.2 2 0.4 0.534 0.596 1.68

The ACO algorithm exhibits lower overshoot and a reduced response time compared to PSO,
but is relatively close to FPA. A possible explanation is that ACO is known for its good balance
between exploration and exploitation. The ants deposit pheromones that guide the search for
solutions while exploring new possibilities. This balance allows ACO to find optimal solutions
quickly and stably, which can explain the low overshoot and rapid response time. Additionally, ACO
enables dynamic adaptation based on pheromones, helping to avoid suboptimal solutions and
converge more quickly to an effective solution.

PSO focuses heavily on exploiting the best solutions found by the particles, which can result in
higher overshoot if the particles prematurely converge on a local suboptimal solution. This can also
lengthen the response time when adjustments are needed to move away from these local solutions.

FPA uses both global and local pollination strategies, allowing it to balance exploration and
exploitation well. The similar results between ACO and FPA suggest that both algorithms effectively
manage the balance between exploring new solutions and exploiting known ones.

Table 7 consolidates the simulation and experimental sections. This comparison helps to better
understand the performance differences between the simulation and experimental setups and to
closely examine the causes of these result discrepancies.

Table 7. Simulation and experimentation results

PID Controller Parameters Rise Time Settling Time Overshoot

Method

ky Kk; kg tr (sec) ts (sec) MP (%)
PSO (experimental) 16 6.48 0.1 0.204 0.753 19
_PSO 45 648 0.03 0.102 0.768 13
(simulation)
FPA (experimental)  0.95 1.758 0.000127 0.520 0.644 0.81
_FPA 3 1758  0.000127 0.138 0.347 6
(simulation)
ACO (experimental) 4.2 2 04 0.534 0.596 1.68
ACO
(simulation) 8 2 04 0.196 0.322 0.68

Several factors explain the differences between simulation and experimental results:

e Latency and Response Time: Calculation and response times in a simulation environment are
often ideal and without latency. On an Arduino board, processing times can introduce delays
that affect the PID control performance.

e Noise and Disturbances: Simulations may neglect or minimize the impact of noise and
disturbances on the sensors and the L298n driver. In practice, electrical noise, mechanical
vibrations, and other disturbances can degrade control accuracy.
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e  Sensor Resolution and Accuracy: Sensors in simulations can be modeled with ideal precision.
In reality, sensors have limitations in terms of resolution and accuracy, which can affect PID
performance.

e Hardware Limitations: Simulations do not always account for the hardware limitations of the
Arduino and peripheral components. Power constraints, processing capacity, and limited
memory can impact PID control performance.

o Non-linearities and Saturation: Simulations may not capture all system non-linearities or the
effects of saturation in switches. In practice, PMDC motors may exhibit non-linear behaviors
and reach saturation limits that degrade performance.

Based on this experiment, the choice of the FPA and ACO algorithms is justified over the PSO
approaches. Additionally, FPA has the advantage of being simpler to use, with fewer parameters to
adjust.

This article can lead us towards a potential research avenue, such as a hybrid FPA-ACO
algorithm, by leveraging the strengths of both algorithms. The global search capability of FPA to
avoid local minima, combined with ACQ's ability to refine solutions through pheromone-guided
search, potentially leads to faster and more precise convergence, making it a promising solution for
complex control tasks.

5. Conclusion

This study highlights the importance of comparing optimization algorithms to help researchers
select the most suitable one for a given situation. The experimental results show that the ACO
algorithm, with a response time of 0.596s and an overshoot of 1.68%, and the FPA algorithm, with
a response time of 0.644s and an overshoot of 0.81%, are more effective in tuning PID parameters
to achieve reduced response times, minimal overshoot, and increased accuracy in controlling the
speed of the PMDC compared to the PSO algorithm. Although the performance obtained with PSO-
optimized PID parameters is acceptable, with a response time of 0.768s and an overshoot of 19%,
the results of FPA and ACO are similar. However, FPA is preferable to ACO due to its simplicity
and faster implementation. These findings can be beneficial for applications similar to our study,
such as robotic arms used in assembly, welding, or other repetitive tasks, and industrial pumps used
for fluid transfer in manufacturing processes.

The practical part addressed the speed ripples, which have very direct consequences on the
motor and control accuracy, by mitigating them with a low-pass filter in the feedback loop, while
managing the delays introduced by the filter and choosing the appropriate cutoff frequency to balance
noise reduction and system responsiveness.

We plan to extend this study to more complex nonlinear systems to evaluate the limits and
effectiveness of each algorithm, also incorporating a practical component into our approach.
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