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Several conventional maximum power point tracking (MPPT) algorithms
have been applied to harvest the optimal power of a photovoltaic (PV)
system. However, the main drawbacks of these algorithms are their
fluctuations around the maximum power point (MPP) and their dependence
on climatic conditions variation. To overcome these issues, a fuzzy logic
controller (FLC) is proposed, where the system performance depends
strongly on the choice of membership functions (MFs). They are typically
selected by trial and error, which may not always yield the best results. This
paper seeks to enhance the efficiency of the traditional FLC method by using
the particle swarm optimization (PSO) algorithm for optimizing the supports
of the triangular MFs. The simulation was performed using MATLAB-
Simulink environment using the "1Soltech 1STH-215-P" PV module and a
single-ended primary-inductor converter (SEPIC) converter, under ideal
environmental conditions of 25 °C and 1000 W/m2. A comparison is
established between PSO-optimized FLC and the standard FLC-based

MPPT method, as well as with several other state-of-the-art approaches
reported in related research. The simulation data present that the PSO-
optimized FLC approach outperforms other algorithms.
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1. INTRODUCTION

The rise in global energy demand and the heavy pollution of the ecosystem are leading the world to
adopt more sustainable energies. Solar energy technologies, photovoltaic (PV) systems, stand out for their
abundance and environmental benefits, as they directly convert solar energy into electricity using PV panels
[1]. However, the effective performance of these systems relies on many aspects, such as the chosen load [2].
To achieve their maximum efficiency regardless of these aspects, several maximum power point tracking
(MPPT) control approaches such as perturb and observe (P&O) [3], [4], constant voltage tracing (CVT),
incremental conductance algorithm (ICA) [5], [6], and curve fitting method [7], [8] have been implemented.
Among these, Bhatnagar and Nema [8] presented the P&O approach. This method is widely used for its
straightforward implementation and effectiveness. Still, it will suffer from oscillations around the maximum
power point (MPP) due to the selected step size, leading to energy loss [9]. To address this issue, the fuzzy
logic control (FLC) approach has been introduced. Previous studies, such as those by Samosir et al. [10] and
Kandemir et al. [11], have proved the effectiveness of FLC in tracking the MPP. Samosir et al. [10]
highlighted its capacity and efficiency to track the MPP. Kandemir et al. [11] conducted a comparative study,
and they demonstrated that the tracking accuracy performance increased by 0.13% compared to the P&O
method. Anwer et al. [12] applied FLC for the permanent magnet synchronous motor (PMSM) drive system.
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They utilized the FLC to extract the maximum power from the PV modules that supply the PMSM drive
system. The system was modeled in the MATLAB/Simulink environment. Despite this, the performance of
FLC relies on certain membership functions' parameters, such as shape, number, cores, and support, which
are generally chosen through experimentation. Therefore, an inaccurate selection of membership functions
will prevent achieving optimal results.

Researchers have addressed this challenge by using metaheuristic methods [13], such as genetic
algorithm (GA) [14], particle swarm optimization (PSO) [15], and ant colony optimization (ACO) [16].
Those methods will optimize the membership functions, leading to improved adaptability and efficiency of
the MPPT, and better control of the overall decision-making process of the control system. Nikolic et al. [17]
and Larbes et al. [18] applied the bee colony optimization and genetics algorithm, respectively, to tune the
fuzzy membership functions, demonstrating improved FLC performance in MPPT applications. Building on
this, the particle swarm optimization (PSO) algorithm offers another powerful optimization technique,
providing significant improvements for optimizing membership functions in FLC.

As highlighted by Marini and Walczak [19], inspired by the behavior of certain group-living
animals, such as fish and birds, the PSO algorithm utilizes a swarm of individuals to reach the optimal
solution. They perform elementary tasks and interact with one another locally, and with their environment, all
without central control. The global behavior of the group results from these local interactions and auto-
organization. Even though the agents may be limited in their capabilities, their effectiveness in reaching the
ultimate objective of problem-solving is guaranteed by their ability to share information and interact with
each other [19]. Cheng et al. [20] followed a similar approach to this study, where they focused on
optimizing a fuzzy-logic-based MPPT algorithm using the particle swarm optimization (PSO) technique.
They applied a symmetrical FLC structure, which was later optimized into an asymmetrical FLC, achieving a
maximum efficiency of 99.19%.

Pardeshi and Patil [21], adjusted the artificial neural network (ANN) framework using the PSO for
photovoltaic solar systems. They conducted comparative simulations between the PSO-based ANN, FLC,
and the P&O method using real-time data under different climatic conditions. The results reveal that their
suggested approach achieved the greatest levels of efficiency, with a value of 99.6% in clear conditions.
Kumar et al. [22] proposed a novel hybrid MPPT approach for solar PV systems that combines particle
swarm optimization-trained machine learning with flying squirrel search optimization to enhance system
efficiency. The method was tested in MATLAB/Simulink under various environmental conditions, including
ideal ones. Their results, compared to several existing techniques from the literature, showed that the
proposed approach improved efficiency by 0.72%.

In order to maximize the energy production of PV panels and improve their efficiency, this paper
proposes to improve the FLC approach by leveraging PSO to optimize the membership function supports,
with the aim of maximizing the energy production of PV panels and improving their efficiency. To examine
the proposed approach and ascertain its effectiveness, the behavior of the 1Soltech 1STH-215-P” PV module
was simulated in the MATLAB-Simulink environment under ideal environmental conditions of 25 °C and
1000 W/mz2. This enabled a comparative evaluation between the performance of conventional FLC and that
of PSO-optimized FLC, where a notable improvement in efficiency was achieved.

2. METHOD
2.1. Exploring MPPT: “principle and design”

According to the V-I characteristics, there is one singular voltage value that aligns with the MPP.
Any rise in load resistance leads the PV module to function at higher voltages than the MPP, resulting in a
drop in the current and vice versa, as shown in Figure 1. This indicates that a direct connection between the
PV panel and the load may prevent the PV module from operating at its MPP, and it is going to be forced to
operate at voltages closer to the load impedance [23].

To reach the MPP, a matching stage DC-DC single-ended primary-inductor converter (SEPIC)
converter with the parameters listed in Table 1 was added to link the PV module and the load, as illustrated in
Figure 2. This ensures the match between the load resistance and the impedance seen by the PV module. An
MPPT algorithm will be used to control the converter and to monitor the duty cycle D, optimizing its value with
each change in environmental conditions.

2.2. MPPT-based fuzzy logic control

The FLC does not require a mathematical model. It is based on current-voltage input variables,
which are read from the PV panel to determine the power output. The system consists of three main
elements: fuzzification, fuzzy inference, and defuzzification, as shown in Figure 3.
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2.2.1. Fuzzification

It requires identifying the input and the output variables to be fuzzified as a first step. For a PV
system, voltage variation (AV), current variations (Al), power variations (AP), error variations, and errors ...
can be used as input variables, and the duty cycle as an output variable. In this paper, the error variation (AE)
and the error (E) are the inputs, whereas the duty cycle ratio variation (D) is the output of the fuzzy
controller. Those variables are calculated by (1) and (2) [10]. The Mamdani method enables the variables'
fuzzification.

E= AP/AV = (P(n) —P(n—1))/(V(n) —V(n—1) (1)
AE = E(n)—E(n—1) 2

With:

- "P(n)": The current power measured from the PV system;

- "P(n-1)": The power measured in the previous time step;

- "V(n)": The current voltage from the PV system;

- "V(n-1)": The voltage in the previous time step; and

- "E(n)": The error calculated at the current time step. "E(n-1)": "The error from the previous time step.

2.2.2. Inference system

To establish a link between the output and input variables, a set of rules must be defined based on
experimentation and observation. In this paper, these rules are used to increase or decrease the duty cycle
[10]. The complete set of rules is presented in Table 2 [24].

2.2.3. Defuzzification

It represents the reverse process of fuzzification. The operation is carried out using the fuzzy
centroid method, which calculates the centroid after rule aggregation. The fuzzy MPPT control is
implemented using the MPPT algorithm shown in Figure 4.
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Figure 1. V-I characteristics
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Figure 2. PV system block diagram Figure 3. Structure of fuzzy logic controller
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Table 1. Parameters of the SEPIC converter Table 2. Inference rules
Parameter Value Parameter  Value AE/E NS NL ZE PL PS
C_in 5e-5 L1 100e-3 NS PS PS PL PS PS
Cl 5e-5 L2 400e-3 NL PS PL PL PL PS
C2 10e-5 R 10 ZE NL NL ZE PL PL

2.3. Fuzzy logic controller optimized by the PSO algorithm
As already mentioned within the first section, the PSO algorithm is an algorithm that reproduces the
behavior observed in animal groups such as birds and fish [25]. It operates with 3 key components, which are:
- The particle: an individual entity such as a single bird.
- The swarm: refers to the population of particles moving together, akin to the collective movement of a
flock [26].
- The solution: This represents the targeted outcome of the optimization process, in the same way as the
search for a source of food for birds [26].
Each particle has its position and velocity, which guide its movement toward the optimal solution
[25], [26]. Particles cooperate by exchanging the knowledge they have gathered during the exploration
process. They maintain two important positions [26]:
- Personal Best (pbest) position: This represents the best position a particle has achieved based on its
personal past experiences.
- Global Best (ghest) position: This signifies the best position discovered by any particle in the entire
swarm, providing a shared target for all the particles.
By exchanging information, the particles update their positions and velocities iteratively and converge
collectively toward the optimal solution [25]. The flowchart shown in Figure 5 will provide a more detailed
overview of the PSO algorithm.

| READ V(n),I(n) from PV Panel |

Itialize the swarm (a population of

— particles with random positions and
I P(n)=V(n).I(n) I velocities)

v
| AP(n)=P(n)-P(n-1) | t
AV(n)=V(n)-V(n-1) Evaluate the fitness of each particle based
on the objective function
_ AP(n) _ P(n)-P(n-1)
E= W)~V v _ v
AE =E(n)-E(n-1) ‘ Find and updatiPest and Gbest ‘
‘ Update the particles velocities ‘ No
‘ Update the particles positions ‘
A A 4
|:|D(n)=D n-1)+AD D(m)=D(n-1)-AD fs the termination
| criteria satisfied
[
v
UPDATES
V(n-1) I(n-1) ‘ Gbest is the optimum solution ‘
P(n-1)
Figure 4. MPPT algorithm Figure 5. Particle swarm optimization algorithm

2.3.1. Optimization of membership functions using PSO

To improve the FLC and overcome the drawbacks experienced during the initial implementation,
the support of the membership function for both inputs and outputs will be optimized. Each variable is
described by 5 membership functions. By maintaining the peaks fixed and focusing on optimizing the
supports of each membership function, 30 supports S1 to S30 have been optimized as illustrated in Figure 6.
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a) Creation of the initial population

As presented in the flowchart depicted in Figure 5, the first step consists of creating a population.
The maximum and minimum values for each parameter are defined, followed by the generation of a swarm
(population) of 300 particles randomly. Each particle within the swarm will be represented by a vector of 30
elements, corresponding to the supports being optimized.
b) Fitness evaluation

This is a crucial step in the PSO algorithm, which will evaluate the efficiency of every generated
particle in achieving the optimal solution. This evaluation will be performed by using the objective function,
which is the mean squared error of the power as in (3).

fit = % 1i1=1(Pmax _Pcc)z (3)

Where "P .., "Pe.", "'n" represent maximum power, calculated power and the amount of data.
¢) Update the pbest and gbest

The fitness particle values will be ranked from the best to the worst to determine the “pbest”
position and the “gbest” position. If the newest fitness value is higher than the previous value, the particle
updates its personal best “pbest”. The particle with the highest performance in the group “best fitness value”
takes on the status of the global best “gbest”.
d) Update the velocity and position of particles

The velocity and the position will be updated by using (4) and (5), respectively.

v(t+1) =cv()+c (pbest - x(t))rand1 +cg (gbest - x(t))rand2 4
xt+1D)=x@)+v(t+1) (5)

Where: i) "v(t+1)" and "v(t)" are the actual and the previous velocities; ii) "x(t+1)" and "x(t)" are the actual
and the previous positions; and iii) "c," is the inertia weight, "c," is the cognitive coefficient and "c;" is the
social coefficient. "rand;" and "rand," are two diagonal matrices of random elements that belong to the [0,1]
interval. The PSO parameters used in this paper are presented in Table 3.
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Figure 6. Membership functions support

Table 3. Control parameters vector for PSO

Algorithm Control parameters vector Value
PSO Population size 300
Inertia weight (C1) 15
Acceleration constant (cognitive parameter) (C2) 25

Acceleration constant (social parameter) (C3) 143
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3. RESULTS AND DISCUSSIONS

This section presents the obtained results simulation using MATLAB/Simulink. The simulations
were executed to assess the overall efficiency of the fuzzy MPPT algorithm and to analyze the impact of
optimization using the PSO algorithm. An overview of the overall Simulink model of the PV system, which
contains a PV array, the SEPIC converter, and the FLC block, can be viewed in Figure 7. Figure 8 depicts a
detailed view of the elements composing the FLC block. To carry out the simulation. A “1Soltech 1STH-
215-P” PV module was used under ideal environmental conditions of 25°C and 1000 W/m2. Two different
membership function configurations are simulated to evaluate the algorithm's effectiveness of their
optimization and enhancing the system’s efficiency. The difference between the three configurations lies in
the supports and the cores chosen for each membership function.
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Figure 7. Simulink model of PV system
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Figure 8. Fuzzy MPPT algorithm block
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From the simulation data shown in Table 4, Figure 9, and Table 5, Figure 10 for configurations 1
and 2, respectively, it's clear that:

- For the 1st configuration, the system before optimization achieved a commendable efficiency of
approximately 99.56%. However, the application of the PSO algorithm further improved this efficiency,
reaching 99.63%. The Power Response highlights that after optimization, the fluctuations around the
MPP are slightly reduced.

- For the 2nd configuration, we can clearly see that the efficiency before optimization is around 98.93%,
which is satisfactory but not optimal. After optimizing the membership functions, the efficiency value
was improved to around 99.67%, a highly favourable outcome.

- The fluctuations in the power response were significantly reduced after optimization.

- For both configurations, the PSO algorithm successfully optimized the membership functions, enabling
the system to operate at a higher efficiency value compared to the results obtained before optimization.

In configuration 3, the fuzzy membership function was purposely set to be poorly configured to see if

the optimization process could improve it. In consideration of the results presented in Table 6 and Figure 11,

the initial system performed poorly, with an accuracy of around 1.8109%, confirming that it wasn't effective.

After applying the optimization, the performance improved significantly to 99.7698 %, demonstrating the

robustness and the corrective capacity of the proposed method. Table 7 presents a comparison between the

proposed method applied to the different configurations and the existing works in the literature. As illustrated
in Table 7, the FLC-PSO method developed in this study outperforms the configurations presented in the
literature, achieving higher efficiency values across all tested cases.

Table 4. Inputs and output membership functions and efficiency before and after optimization for
configuration 1

Parameters Before optimization After optimization
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Figure 9. Power response comparison before and after optimization of membership functions with PSO for
configuration 1

Table 5. Inputs and output membership functions and efficiency before and after optimization for
configuration 2
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Table 6. Inputs and output membership functions and efficiency before and after optimization for

configuration 3

Parameters Before optimization After optimization
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Figure 11. Power response comparison before and after optimization of membership functions with PSO for
configuration 3

Table 7. Performance comparison between the proposed method and existing approaches

References Method Efficiency value
This paper FLC-PSO C1 99.6299%
FLC-PSO C2 99.6729%
FLC-PSO C3 99.7698%
[20] P&O (0.5 V) 99.16%
P&0O (3.5V) 94.89%
Symmetrical FLC 98.21%

Asymmetrical FLC #1  98.26%
Asymmetrical FLC #2  99.19%

[27] P&O 84.99%
FLC 95.65%
PSO-based FLC 96.5%

[22] PSO ML-FSSO 99.601%

4. CONCLUSION

For the purpose of improving the effectiveness of the FLC method, an implementation of the PSO
algorithm in conjunction with the FLC approach was suggested in this paper. A simulation in MATLAB
Simulink was carried out using the "1Soltech 1STH-215-P" PV module, comparing the traditional FLC
method with the PSO-optimized FLC. Three different membership function configurations were tested,
where the supports of each membership function were optimized using the PSO algorithm. The results
demonstrate that the PSO-optimized FLC method has substantially outperformed the traditional approach,
providing closer adherence to the desired reference power value, regardless of the configuration used.

Configuration 3 highlights an important aspect of fuzzy system design: where initial membership
functions are often selected based on experimentation, which can lead to poor system behavior. The result of
this configuration demonstrates how the proposed optimization method can effectively refine the membership
parameters and improve the efficiency from 1.8109% to 99.7698%, thereby improving performance without
the need for expert intervention or manual tuning. Compared to recent MPPT techniques found in the
literature, the proposed method has achieved superior performance in terms of tracking efficiency, making it
effective and robust under the tested conditions.
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