o s
Ingenieria
https://revistas.udistrital.edu.co/index.php/reving/issue/view/1320

UNIVERSIDAD DISTRITAL DOI: |https://doi.org/10.14483/23448393.23090

FRANCISCO JOSE DE CALDAS

Research

Assessing the Efficacy of optimization algorithms, P&O and
MPC in MPPT for Photovoltaic Systems: A Comparative
Study

Evaluacidén de la eficacia de los algoritmos de optimizacién, P&O y
MPC en MPPT para sistemas fotovoltaicos: Un estudio comparativo

Jose Mena-Palomeque! (D) Juan E. Zabala-Daza? @, Jhon A. Gémez P.! @ Jaime A.

Ramirez-Ospina!

U Digital, Medellin, Colombia
21TM, Medellin, Colombia

Abstract Article history
. o g g g . Received:
Context: The ‘need for efficient energy harvesting in photoyoltalc PV) 26t /February,/2025
systems requires advanced maximum power point tracking (MPPT) -
techniques. Traditional methods like perturb and observe (P&O) exhibit 10t /Decexgg: /5512’5
limitations under varying conditions, leading to less efficient energy Accented
. ccepted:
extraction. 3t /February /2026

Method: This study compares a model-predictive controller (MPC)

combined with optimization algorithms such as the particle swarm Ing, vol. 31, no. 1

optimizer (PSO), the vortex search algorithm (VSA), and the salp swarm 2026. €23090

algorithm (SSA) to improve MPPT performance in PV systems. These

algorithms are tested under different irradiance conditions to assess their ©The authors;

efficiency and adaptability. reproduction right

Results: The results show that PSO, when used with MPC, greatly enhances holder Universidad
. i . Distrital Francisco

energy extraction compared to the conventional P&O method. Additionally, José de Caldas.

VSA and SSA also perform well in adapting to rapid irradiance changes,

ensuring an optimal power output.
Conclusions: Optimization-based MPPT methods, especially those using
PSO, offer significant efficiency improvements for PV systems, making them =
strong alternatives to traditional techniques.

Keywords: Solar Power System, Partial Shading, PS, PV, Power Converter,

MPPT, MPC, Optimization Algorithms, Energy Efficiency.

“8 Correspondence: Jose.mena@prof.iudigital.edu.co

| Ingenieria | Vol. 31 | No. 1 | ISSN 0121-750X | E-ISSN 2344-8393 | 23090 | 1 of


https://revistas.udistrital.edu.co/index.php/reving/issue/view/1320
https://doi.org/10.14483/23448393.23090
https://orcid.org/0000-0003-4164-8885
https://orcid.org/0000-0001-8114-808X
https://orcid.org/0009-0007-2171-6760
https://orcid.org/0009-0009-5437-1660
https://creativecommons.org/licenses/by-nc-nd/4.0/

P&O y Assessing the Efficacy of optimization algorithms, P&O and MPC in MPPT for Photovoltaic Systems: A
Comparative Study . .. Mena et al.

Resumen

Contexto: La creciente demanda de extraccién eficiente de energia en sistemas fotovoltaicos
(PV) requiere técnicas avanzadas de seguimiento del punto de maxima potencia (MPPT). Métodos
tradicionales como perturb and observe (P&QO) enfrentan limitaciones bajo condiciones ambientales
variables, conlleva una extraccién subéptima de energia.

Método: Este estudio presenta un andlisis comparativo de un controlador predictivo de modelos
(MPC) integrado con varios algoritmos de optimizacién, incluyendo la optimizacién por enjambre de
particulas (PSO), el algoritmo de btsqueda de vértices (VSA) y el algoritmo de enjambre de salpas
(SSA), para mejorar el rendimiento del MPPT en sistemas PV. Los algoritmos fueron evaluados bajo
diferentes perfiles de irradiancia para determinar su eficiencia y adaptabilidad.

Resultados: Los resultados indican que PSO, cuando se combina con MPC, mejora significativamente
la eficiencia de extraccién de energia en comparacién con el método convencional P&O. Ademads, VSA
y SSA también demuestran un rendimiento superior al adaptarse a cambios rdpidos en la irradiancia,
asegurando una salida de potencia éptima.

Conclusiones: Los métodos MPPT basados en optimizacién, particularmente aquellos que utilizan PSO,
ofrecen mejoras sustanciales en la eficiencia de los sistemas PV, lo que los posiciona como alternativas

viables a las técnicas MPPT tradicionales.

Palabras clave: Sistema de energia solar, Sombreado parcial, PS, PV, Convertidor de potencia, MPPT,
MPC, Algoritmos de Optimizacién, P&O, Eficiencia Energética.

1. Introduction

The rapid rise in global population density has significantly increased the demand for energy, food,
and natural resources (1). Fossil fuels, including oil, coal, and natural gas, are the world’s primary energy
sources (2-4), but its reliance on them raises concerns about depletion and environmental impact (5). In
response, renewable energy has become pivotal in the global transition (6).

Photovoltaic (PV) systems stand out as a promising alternative since they convert solar energy
into electricity. With components like power converters, PV panels, and electrical loads, they require
coordination to operate efficiently (7, 8). Bypass diodes protect PV panels from reverse currents,
preventing shading effects that reduce efficiency and lifespan (9).

PV systems use DC/DC and DC/AC converters to adapt to load needs (10), monitoring current
and voltage for optimal energy management (11). Maximum power point tracking (MPPT) strategies
maximize energy extraction by adapting to environmental variations (12), adjusting the output voltage
to optimize conversion efficiency (13).

MPPT techniques include approaches based on P&O (14), incremental conductance (INC) (15,[16),
MPPT-current (MPPT-I) (17), MPPT-voltage (MPPT-V) (18), neural networks (19), and genetic algorithms
(2022). Still, some challenges remain in achieving precise, rapid MPPT adaptation to environmental
changes, with methods like P&O often leading to oscillations under fluctuating irradiance (23, 24).
Complex controllers must respond to shading conditions (25), though the high costs of advanced
methods and hardware pose barriers (13). Thus, PV systems require DC/DC or DC/AC converters
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to consistently supply energy to loads, ensuring efficiency across operating conditions (26).

1.1. State of the art

The specialized literature presents numerous studies on the MPPT search problem regarding
PV panels, highlighting the widespread use of the P&O algorithm, often combined with
proportional-integral-derivative (PID) controllers, model-predictive control (MPC), sliding mode
control, and more. This study focuses on validating and comparing various MPPT algorithms with MPC
controllers, in order to identify the approach that maximizes power extraction under variable irradiance
scenarios.

The MPPT problem has been widely solved in the specialized literature (1415/27-33), using methods
based on artificial intelligence (Al), such as neural networks (NNs), genetic algorithms (GAs), and fuzzy
logic to improve efficiency and accuracy under different environmental and irradiance conditions. In
addition, hybrid techniques have been developed which combine multiple algorithms to obtain a more
robust and accurate response to different operational contexts.

In (30), the authors review MPPT algorithms, classifying them by key performance indicators
to aid the selection of suitable algorithms for PV systems. This study highlights challenges in
control strategies, including poor performance under partial shading, steady-state oscillations, slow
convergence, implementation complexity, and limited use of real data or experiments.

The work by (14) introduces SOFT-MPPT, an MPPT algorithm for P&O-based PV systems that
employs an adaptive modulation factor to correlate PV current measurements with irradiance, aiming
to enhance energy extraction efficiency. Although the authors claim high efficiency, their study lacks
data to fully substantiate these assertions. The proposed comparative analysis of MPPT techniques
does not quantitatively validate the algorithm’s performance in terms of maximum power or point
tracking accuracy. Furthermore, no comparisons with standard MPPT strategies are provided, nor is the
algorithm tested under variable weather or partial shading conditions.

The study by (15) proposes a control algorithm that combines unit vector template (UVT) and power
balance theory (PBT) for a PV system implementing an MPPT strategy to enhance power stability.
Although an appropriate evaluation of the MPPT strategy is conducted, the authors do not perform
a comparative analysis with other MPPT methods, making it challenging to assess the efficiency of the
proposed solution for time-varying systems. Additionally, while the authors assert that the solution’s
performance was evaluated in terms of DC voltage regulation quality and mains current harmonic
mitigation under linear and nonlinear load conditions, no results or data supporting these claims are
provided, limiting the proper validation of the study’s findings.

In (27), an MPPT strategy based on the Mayfly optimization algorithm for PV systems under variable
conditions is proposed. The authors test the approach in Matlab/Simulink, comparing it to the PSO
algorithm. However, limitations arise since evidence for MPPT success under dynamic conditions is
insufficient, with no demonstration of irradiance variation or a direct comparison of power output
between methods. Additionally, details on convergence to the MPPT voltage reference are unclear,
necessitating further evaluation to clarify algorithm performance and confirm the authors’ claims.

The authors of (28) propose a fuzzy logic-based driver coupled with an MPPT algorithm inspired
by the IFFO (i.e., farmland fertility method), aiming to optimize PV system controller parameters under
different climate scenarios, achieving over 99 % efficiency in both uniform irradiation (UI) and power
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supply (PS) contexts. However, limitations arise from the lack of discussion on the method’s constraints
and the algorithm’s performance under variable conditions. Additionally, the power curves do not fully
capture energy fluctuations, and there is minimal information on voltage reference points within the
MPPT process, raising questions about the method’s applicability across varying PV generation profiles
and its reproducibility in achieving stated efficiencies.

In (29), the authors propose a reinforcement deep learning-based MPPT control for PV systems
under partial shading conditions. They use deep reinforcement learning (DRL) algorithms, specifically
Deep Q-Network (DQN) and Deep Deterministic Policy Gradient (DDPG), to optimize the MPPT control
strategy. This approach is compared against the conventional P&O method and evidences higher energy
production as well as better tracking performance, especially in scenarios where global MPPT cannot be
obtained. However, the authors do not provide information on the statistical validations used to ensure
that the experiment performed is repeatable and applicable to other PV panel curves, which does not
allow scaling the implementation to other test cases.

The work by (31) presents a fuzzy logic-based controller that integrates the grey wolf optimizer
(GWO) into its MPPT strategy to enhance energy extraction in PV systems. The authors employ
opposition-based learning (BLO) to accelerate the search for the optimal solution and simulate
partial shading conditions to better reflect real-world scenarios. However, this article lacks detailed
results—including specific data, graphs, or tables—to support the effectiveness of the proposed method.
Additionally, it does not provide comparative analyses with existing methods or discuss potential
limitations, necessitating further evidence to substantiate its claims.

In (32), the authors propose a fuzzy logic-based controller that incorporates the GWO within its
MPPT strategy to enhance energy extraction in PV systems. They use the BLO method to expedite the
search for the optimal solution. Additionally, they suggest a PV energy conversion system using a boost
converter and digital filtering within the controller to improve signal quality, optimizing MPPT through
the P&O algorithm. However, this article lacks clarity with regard to its methodology, making replication
and validation challenging. Although experimental results are mentioned, specific numerical values
and procedural details are absent. The study also omits comparisons with other MPPT techniques and
does not use statistical tests to validate solution quality, which could impact result interpretation and
generalizability.

The authors of (33) authors propose an MPPT method that uses system identification (SI) with
an adaptive reference voltage (AVR) and a proportional-integral (PI) controller while incorporating
a polynomial model. This approach, designed for simplicity, is compared against MPPT techniques
such as P&O, IC, CVR, ANN, and a nonlinear AVR-SI method. However, the study lacks in-depth
descriptions of these MPPT strategies, statistical analyses, and a discussion of the limitations.

Additionally, variable climatic conditions affecting PV generation and the lack of comparative
analyses between algorithms highlight gaps in existing research. To address these gaps, our study
proposes a methodology for comparing various MPPT algorithms via a cost function to characterize
MPC within a PV system with a boost converter and a battery. The aim is to identify the algorithm that
optimally extracts power under varying irradiance. For comparison, P&O and optimization algorithms,
i.e., the particle swarm optimizer (PSO), the vortex search algorithm (VSA), and the salp swarm
algorithm (SSA), are considered.
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Our choice of PSO, VSA, and SSA was supported by recent literature on PV MPPT, where
optimization and swarm-based techniques are widely used to improve efficiency and energy extraction
under varying and partial shading conditions. In particular, the use of the SSA for MPPT to
optimize the duty cycle of a DC/DC converter and maximize power extraction has been reported,
demonstrating the applicability of bio-inspired optimization techniques in PV systems (34). Likewise,
hybrid and metaheuristic optimization methods that combine swarm intelligence with conventional
MPPT strategies have been shown to enhance tracking performance when compared to traditional
techniques (35).

1.2. Scope and main contributions

This study compares different MPPT algorithms implemented in a DC/DC boost converter
connected to a PV panel and a battery using an MPC controller with the aim of achieving maximum
power extraction. Strategies such as P&O, PSO, VSA, and SSA are used, evaluating an objective function
with respect to the voltage of the system.

The main contributions in this study are presented below.

= The development of a comparison methodology between different optimization algorithms in
order to achieve maximum power extraction.

= The simulation of variable irradiance conditions for a PV panel within a 24-hour scenario.

= A comparison between the results obtained with the P&O algorithm and those of other
optimization techniques widely used in the specialized literature, including PSO, VSA, and
SSA. This comparison is based on the maximum power extraction of the system and how these
algorithms reach the desired benchmarks, implementing irradiance scenarios on an average day

and critical irradiance cases.

= The implementation of an MPC controller for a PV system comprising a DC/DC converter and a
battery while using optimization algorithms, in order to compare the results in terms of maximum

energy extraction.

To summarize, this article presents an approach for MPP tracking using an MPC controller within
a PV system linked to a boost converter and a battery. Two irradiance scenarios are considered:
an average day and a fluctuating day under critical conditions. This study compares the P&O
algorithm against PSO, VSA, and SSA to determine the most effective method for maximizing
energy extraction through MPPT.

1.3. Structure of the paper

This paper is organized as follows. Section 2] details the mathematical formulation, circuit diagrams,
technical specifications, and MPC controller configuration. Section 3| describes the algorithms and the
objective function for MPPT. Section [ covers the simulation stage, experimental voltage and current
data, and MPC implementation in Matlab, including the representation of maximum energy extraction.
The results of each algorithm are analyzed in terms of energy extraction percentage by integrating areas
under power curves. Finally, Section 5| presents the main conclusions of our work.
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2. Mathematical Formulation

This section presents the mathematical modeling for the PV system and the boost DC/DC converter
connected to a battery. The MPC controller with the MPPT algorithms (P&O, PSO, SSA, and VSA) is
implemented on these models. All of this is done with the objective of tracking the maximum power

point and validating which algorithm enables the highest power transfer.

2.1. Mathematical model of the PV panel

A PV panel converts solar radiation into electrical energy via p-n junction semiconductors, with its
power output varying according to solar irradiance and ambient temperature. This variability can be
accurately modeled using the single-diode model (SDM), as shown in Eq. (I), which is highly valued
for both accuracy and simplicity. Additionally, the PV panel can be represented by an equivalent circuit

comprising a current source in parallel with a diode and two resistors connected in parallel and series
(Fig. ).

R Ipv
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Figure 1. Equivalent circuit for the SDM
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Eq. (1) represents the output current of the panel I,,, the photo-induced current I, the reverse
saturation current of the diode I, the electron charge g, the output voltage V,,,, the ideality factor 7, the
Boltzmann constant &, and the panel temperature T'.

G
Iph - <GTef> ' (Iph,ref tu- (TC - Tf‘ef)) @)

Although Eq. is a simplified model adapted for use cases and modeling involving power
converters, I, is proportional to the solar irradiance G, which is given in Watts per square meter
(W/m?). The term G/G,. s represents the ratio between the current irradiance and a reference irradiance
Gref, which is generally 1000 W/ m? under standard conditions. i - (T — Ty ) accounts for the effect of
temperature on the current generated by the panel. Here, T, denotes the current temperature of the PV
panel, T’ is the reference temperature (25C'), and the coefficient i indicates the variation between the
current for each degree of change in the temperature.

By using this equation or the electrical circuit, a representation of the PV profiles under any
uniform condition of irradiance and temperature can be obtained. It is necessary to understand that
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Figure 2. Profile of V,, vs. P,, and V), vs. I, under standard test conditions

the representation of the profiles or the characteristic curves of a PV panel has a maximum power point
(MPP), which is determined by the product between the voltage at the maximum point (V;,,;,p) and the
current at the maximum point (I,,;,,). At this point, the highest power is extracted from the panel (P,,)

(Fig.2).

2.2. Modeling the PV system for control purposes

To integrate a PV panel, a DC/DC converter, and a battery, it is necessary to establish the effective
control point of the converter using pulse-width modulation (PWM). This control focuses on the precise
definition of the duty cycles (D), which are constantly adjusted to find the system’s optimal operating
point. This work typical when dealing with energy generation systems, such as PV panels, which require
the constant production of the maximum power point (MPP).

L Ry, Dy

«(1) § g @ g .
. -

Figure 3. Circuit model for the PV system with converter boost and battery

It should be noted that, in this study, it is necessary to mathematically model the system, which
consists of a PV panel, a DC/DC converter, and a battery. To this effect, the PV panel is simplified
using the Norton equivalent (Fig. . The current source Igc and the resistance Ry pp represent the
short-circuit current and the instantaneous impedance of the PV panel. The DC/DC converter is
represented by an inductor L and the inductor losses R;. In addition, R denotes the battery resistance,
R, is the MOSFET (Q1) connection resistance, V; is the diode (D;) forward voltage, and Vg is the
battery’s open-circuit voltage. C; and C, denote the input and output capacitance of the converter, with
their equivalent series resistances R.; and R.,, respectively.
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Figure 4. Activation state of the boost converter: (); ON and D; OFF

The resulting equations for the state of @, on and D; off (Fig.[d) are determined using Kirchhoff’s
voltage and current laws, yielding (3)-(6), which represent the currents in the capacitors C; and C,,
which make up Egs. (3) and (4), respectively.

Vei
Ioi =X -Isc — 55— 3
¢ %" Rupp + Re ©)
VB Ve @)
"~ R+ Rco Rp+Rco

The voltage across the inductor is represented in Eq. (5), where I represents the current flowing

ICO

through the inductor, V¢, is the voltage across capacitor C;, and V¢, is the voltage across capacitor C,.
Finally, the voltage of the PV panel V,, is obtained via Eq. (6).

Ve=X-Voi+B-Isc — (RL+ Ron + ) - 1 )

Vev =XV + 8- Isc — BI (6)

On the other hand, to provide a better understanding of the equations mentioned above, it is

necessary to expand the parameters A and j3 using Egs. (7) and (8).

Rypp
e 7
Rypp + Rei @)
Rci - Ruypp
— SMEE 8
P Rypp + Rei ®)

Continuing with the equations for mathematically modeling the converter, the next state of the
circuit occurs when Q) is off and D is on (Fig.[5). The resulting equations are (9) and (10).

VB VC o

Ioo=0-1 -
¢ " R+ Roy Ry + Rew

©)

VLZA-VCZ'-i-ﬁ'Isc—(RL-l-’V-i-ﬂ)'I—Vf—Q-VCO—O"VB (10)
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Figure 5. Activation state of the boost converter: (); OFF and D; ON

It is worth noting that these equations are a bit lengthy because the entire converter was calculated
while considering the losses of each element. This makes the system of equations robust. Therefore,
parameters or variables are linked to reduce its size. These parameters are described in Egs. (1), (12),
and (13), which allow for a representation of v, 6, and o.

RB : RCO
_ 11
7 RB + RCO ( )
Rp
0= ——"— 12
Rp + Re, (12)
RCO
_ 13
7 RB + RCO ( )

As part of the final system of equations, the system dynamics at any operating point must be defined.
For this purpose, a volt-second balance is applied to the inductor, and a charge balance is applied to each
capacitor (C;, C,). The resulting equations are presented in (14), (15), and (16).

dl
LY X\ Ve + 8- Iso — d- R, 1—d)-y) -1
7 Vei+B-Isc — (R +d- Ron + 5+ ( )-) (14)
(A=A Vy—(1—d) 0 Veo—(1—d)-o- Vg
AV i
o, Wi g o Yei (15)
dt
dVCO_ VCO VB
Cot® = (1—d)-0-1— 2+ 22 (16)
Where:
a=Rypp+ Re; 17)
§ = Rco + Rp (18)

Based on the equations that describe the behavior of the system at any operating point throughout
the mathematical model, it is possible to implement linear or nonlinear control techniques that allow
taking the behavior of the plant to a desired point of operation. This work uses a linear control technique
to validate the behavior of the system under different environmental conditions.
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In order to apply a linear control technique to the plant, it is necessary to linearize the system at a
given operating point. This is adjusted in the equations by applying the Jacobian (36), with the aim of
representing all the equations in the state space based on the Characteristic Equations and (20).

X = AX 4+ BU (19)

Y=CX+FEU (20)

Here, X represents the state of the system, U denotes the control inputs, Y signifies the system
outputs, and A, B, C, and E are the matrices used to perform the state-space representation of the plant,
which is given by Egs. 1), (22), (23), and (24). It should be noted that the state variables used herein are
Vei, I and V. In addition, the input variables are Ig¢ and V3.

Vei Isc
X=| 1|, U=|vs|, Y=[V] (21)
Veo d
F 1 A
- -z 0
Cia Ci
A—| A RitB+(1-D)y+DRy  (1-D) 22
L L L
0 (1-"D)o T
L C, C,0
PN
e 0 0
B— é _ (1 — D)U Vf — (R(m — 7)[ + oV + 0Ve, (23)
L L 7
;o b
L Cod C,
C:PAﬁ @ (24)
E=[s 0 0 (25)

Starting from these equations, the implementation and validation of the MPC is carried out. It should
be noted that the specifications of the entire system are defined in Table[}

2.3. Model-predictive control (MPC)

After defining the mathematical models, MPC can be applied as a modern control technique that
uses the system model to predict future behaviors under varying conditions. MPC aims to determine an
optimal sequence of control signals that minimizes a cost function over a finite prediction horizon while
adhering to input and output constraints (37).

2.3.1. Formulating the optimization problem

At the core of MPC is a quadratic optimization problem solved at each sampling instant, with the
purpose of finding the optimal control input sequence that minimizes a quadratic cost function while
respecting the system’s technical and operational constraints on states, inputs, and outputs.
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Table I. Test system parameters and specifications

Parameter Symbol Value

Solar Panel Parameters at STC

Maximum power Prpp 85 W
Voltage at Prax Vinpp 18V
Current at Prax Tinpp 472 A
Short-circuit current Isc 5A
Open-circuit voltage Voc 221V
Temperature coefficient of Isc ar 0.065%/°C
Temperature coefficient of the voltage ay -80 mV/°C

Converter Parameters

Input capacitor C; 22 uF
Output capacitor Co 22 uF
Inductor L 330 uH
Inductor resistance Ry 60 mQ2
ON resistance Mosfet 1 Roni 35 mQ2
ON resistance Mosfet 2 Ronz 35 mQ

DC Load Parameters
DC load equivalent resistance Rp 60 mQ
DC load voltage Ve 24V

2.3.2. Cost function

The objective function for MPC is defined as J(U, z(t)), which consists of the summation of various
terms affecting the system, ensuring that, at each time instant, the MPC can solve the problem through

quadratic optimization, as shown in Eq. (26).

Np—1

J(Ua(t) = Y (a(klt) = r(k)" Q(a(kt) - (k)

k=0
+ Au(k|t)T RAu(k|t)

(26)

Here, z(k + 1|t) = Ax(k|t) + Bu(k|t) is the predicted state, u(k|t) represents the control input at
time instant k, U is the sequence of control inputs to be optimized, ) and R are weighting matrices, IV,
is the prediction horizon, NV, is the control horizon, and E and G are matrices defining constraints on
states and inputs, respectively. Finally, f, and f, represent vectors defining constraints on the states and
inputs, respectively. It is worth highlighting that all elements provide the predicted state at time instant

k in order to provide information at time instant ¢.

2.3.3. System constraints

The constraints considered herein prioritize limiting the control signals, states, and outputs of the
system, as shown in Egs. (27) and (28).
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= Input constraints:
Gu(k) < f. 27)

» States constraints:
Ex(k) < fa (28)

2.4. Prediction and control horizon

Once the system equations and their restrictions have been defined, it is necessary to determine the
parameters of the system.

2.4.1. Prediction horizon

The prediction horizon is defined as N, and focuses on defining the number of future time steps
over which the behavior and progress of the system will be predicted. In other words, the MPC seeks to

predict the behavior of the states and outputs of the system over future steps.

2.4.2. Control horizon

In MPC, the control horizon functions similarly to the prediction horizon, with each time step
enabling the determination of an optimal control sequence for the next N, steps. This process iteratively
applies optimal inputs, where performance depends on horizon lengths: a shorter horizon limits
constraint handling, while a longer one enhances foresight. For the Matlab configuration, see (38).
Algorithms like P&O and optimization methods such as PSO, VSA, and SSA are also suggested for
effective reference tracking.

3. Maximum Power Point Tracking Algorithms

With an understanding of PV panel behavior, the MPC controller must be considered in relation
to the DC/DC converter. The maximum power point (MPP) shifts with changes in irradiance and
temperature, necessitating continuous tracking to maintain an optimal energy transfer. To address this
issue, we will explore the various algorithms analyzed in this paper.

3.1. Perturb and observe algorithm (P&0)

P&O, one of the most well-known algorithms, is used to maximize energy transmission from a PV
panel by continuously tracking the MPP. For a clearer understanding, the reader may consult Figure
which depicts the complete flowchart of the P&O algorithm’s behavior, detailing how the MPPT is
conducted when using this technique.
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Algorithm 1 Perturb and observe MPPT algorithm

Data: Initial reference voltage Vi, Step size for voltage perturbation Ay, Initial voltage reading Vprev, Initial power

reading Pprev
Measure current voltage V' Measure current power P if P > P, then

if V> Vi then
| Vet = Ve + Ay
end
else
| Viet = Vit — Ay
end
end
else if P < Py then
if V> Vi then
| Vet = Ve — Av
end
else
| Ve = Vi + Av
end
end

Porev = P Vprev = V' Apply new reference voltage Vi to the system

The process starts by setting the parameter P(k — 1), representing the initial voltage change
(perturbation), to identify the MPP. The system then reads the voltage V' (k) and current (k) to compute
the power P(k) of the PV panel. The P&O algorithm iteratively adjusts the panel’s operating voltage
by a value dV, either increasing or decreasing it. After each adjustment, the algorithm calculates the
resulting power by comparing the new voltage-current product to the previous power P(k). If the power
increases, the next adjustment follows the same direction; if it decreases, the direction reverses. This
cycle allows P&O to continuously fine-tune the panel’s output, ensuring that it consistently operates at
peak power despite changing conditions.

3.2. Optimization techniques

Optimization algorithms are commonly used for tracking the MPP through a forward method
that stores critical data, including objective function updates and derived individuals. This research
compares the P&O algorithm against optimization methods like PSO, SSA, and VSA, in order to

determine which one maximizes energy transfer, guiding cost-effective MPPT and MPC combinations.

3.2.1. The particle swarm optimizer (PSO)

The PSO algorithm is a bio-inspired optimization method based on the social behavior of bird
flocks and fish schools. It begins by randomly distributing particles throughout the solution space. Each
particle then adjusts its position while following an advancement method, as shown in Eq. 29), which
depends on its velocity and both personal and swarm experiences.
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vi(t+1) =w-vi(t)+c1 11 (pi —2i(t)) + c2- 12 (pg — 24(1)) (29)

By utilizing each particle’s memory and the swarm’s collective knowledge, PSO identifies promising
candidate solutions. This collective intelligence allows the swarm to converge to an optimal solution,
making PSO ideal for engineering problems that require intelligent algorithms and a clear objective
function (39).

3.2.2. The vortex search algorithm (VSA)

Inspired by the dynamics of vertically stirred fluids, VSA explores the solution space through
Gaussian distributions. With each iteration, the vortex diameter narrows, steering particles toward the
most promising solution. VSA’s progression relies on calculating the vortex center (1) and radius (r),
with the initial center set by Eq. and the radius adjusted iteratively by Eq. (31).

Ho = (xmax + xmin)/2 (30)
t —at
Tt+1 = 00 1-— € max (31)
tmax

These equations incorporate the solution search space bounds, the iteration count, and a constant
that dictates the radius reduction rate. As the algorithm generates new populations, it evaluates and
adjusts individuals based on the solutions obtained, recalibrating the vortex center around the best
solution found to ensure a steady convergence to the optimum (40).

3.2.3. The salp swarm algorithm (SSA)

The SSA algorithm, inspired by marine salps moving in chain-like swarms, balances exploration and
exploitation by mimicking salp chain dynamics. A leading salp drives exploration, while follower salps
focus on local exploitation, adjusting their positions based on the leader’s guidance. As the algorithm
evaluates the objective function for each salp’s position, it continually updates leader and follower roles
and positions. This is governed by Eq. (32).

Xi(t+1)=X; (t) +d- e cos (2m - 1) (32)

In this equation, (X, (t)) represents the particles’ current position, (d) is the distance to the lead salp,
and (\) is a damping parameter. This structure allows the SSA to effectively tackle complex, non-linear,
and non-convex optimization problems (41).
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Algorithm 2 MPPT using optimization algorithms

Data: Input parameters Vpv and Ipv

Result: The best position Vmpp = gbest_position

begin

Initialize parameters PSO, SSA, VSA if positions is empty then

Initialize random positions within the voltage limits V'min and Vmaxz Initialize initial parameters for each
algorithm (PSO, VSA, SSA) Set initial pbest values to infinity and positions Set gbest value to infinity

and take the first particle position

Compute solar panel power: Ppv = Vpv x Ipv for particle i in the population do

Compute power for particle using its position and Ipv Adjust the objective function Update the particle’s
pbest if the new objective function is better Update gbest if the new objective function is better

for particle i in the population do

Adjust according to the advancement method of each optimization algorithm (PSO, VSA, SSA) Constrain

position within voltage limits Vmin and Vmax

3.3. Objective function

To track the maximum power point with optimization algorithms, voltage and current readings
from the PV panel are essential, as in the P&O method. This is encapsulated in the objective function,
where the absolute difference between the particles’ computed power and the actual PV panel power is
calculated. This is shown in Eq. (33).

f(z) = |power — Bpy| + | X (i) = Vieg| (33)

The variable power arises from the product of the particles (X (¢)) and the current (I,,). It is worth
noting that (X (7)) represents voltages randomly generated by each of the optimization algorithms, each
of which employs distinct advancement methods for individual creation. The actual power of the PV
panel, denoted as (P,,), is computed from the PV panel voltage (V},,) and (Ip.).

To minimize MPPT calculation error and ensure particle proximity to the reference voltage, the
objective function establishes a power-voltage relationship, as shown in Eq. (33). This function reflects
the closeness between calculated and actual power, aiming to balance PV power matching with reference
voltage tracking for MPPT. The absolute differences in power and voltage are given by | X () — V;..5|.

4. Simulations and results

To validate the process, Matlab/Simulink was used to integrate the DC/DC converter (with losses),
the PV panel, and the MPPT controllers, as shown in Fig. [6] This setup emulated realistic behavior
similar to non-ideal physical testing conditions.
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Figure 6. Experimental setup of a Simulink to validate the results

For improved clarity, Fig. [6] explicitly illustrates the interaction between the MPPT algorithm and
the MPC controller. The MPPT block generates the PV voltage reference associated with the maximum
power point, which is then provided to the MPC controller. The MPC uses this reference to compute the
duty cycle required by the DC/DC converter.
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Figure 7. Testing under average and critical conditions

Furthermore, Fig. [7| presents the irradiance profiles to which the controllers and the converter are
subjected. It is worth highlighting the inclusion of a critical scenario and an average PV generation
curve for the city of Medellin. This is done to validate whether the analyzed optimization algorithms
can perform MPPT when using MPC as the controller for the boost DC/DC converter.

4.1. MPC configuration

The MPC is constructed using the state-space representation of the system, as depicted in Egs.
and 23} It is configured using the following parameters:

» Prediction horizon: 2

Control horizon: 1

Manipulated variables (MV): Converter’s duty cycle (Duty)

Measured disturbances (MD): Input voltage (V) and solar panel current (1,,,)

Limits for the manipulated variables:
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e MV min: -0.25
¢ MV max: 0.75

Additionally, to implement the controller in software like Matlab/Simulink, it is essential to

incorporate the parameters defined in Table [}

Table II. MPC parameters for the boost converter

Parameter Value
Prediction horizon 2
Control horizon 1
Lower limit of Duty -0.25
Upper limit of Duty 0.75

Sampling frequency (Ts)  10e

—6

S

These parameters, set for the controller’s use, should be implemented in Matlab code as follows:

% System model creation

Boost = ss(A, B, C, D);

% MPC controller configuration

Ts = 10e-6;

% Sampling time

Boost.InputGroup.MV = 3;

$ Manipulated variables
Boost.InputGroup.MD = [1 2];

% Measured disturbances

Boost .OutputGroup.MO = 1;

% Manipulated outputs

MPCobj = mpc (Boost, Ts);

% MPC control object
MPCobj.PredictionHorizon = 2;

% Prediction horizon
MPCobj.ControlHorizon = 1;

% Control horizon
MPCobj.ManipulatedvVariables.Min = -0.25;
% Lower limit of manipulated variables
MPCobj.ManipulatedVariables.Max = 0.75;

o

% Upper limit of manipulated variables

Listing 1. Configuracién del controlador MPC para el convertidor boost.
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In the proposed control structure, the MPC is not responsible for reference generation. The voltage
reference corresponding to the MPP is generated by the MPPT algorithm. The MPC receives this voltage
reference and computes the converter duty cycle (expressed as a percentage) required to drive the PV
voltage towards the reference value.

It should be clarified that the MPC controller is designed using a linearized model around an
operating point defined by an initial duty cycle dy = 0,25. Therefore, the control input is expressed
as a deviation variable Ad = d — dy. The limits reported in Table[[I|correspond to this deviation variable.
When mapped to the physical domain, these limits ensure that the actual duty cycle remains within the
feasible range 0 < d < 1.

4.2. Test scenarios and considerations

In this section, we analyze the results obtained by the MPC with the optimization algorithms in
comparison with the P&O. The aforementioned algorithms were employed in this study to address
the challenge of tracking the maximum power point in a PV system. This was achieved using the
MPC controller and a boost DC/DC converter while considering critical irradiation and irradiance
test scenarios on an average day in the city of Medellin, Colombia. All simulations were conducted
in MATLAB R2023a ® on a Dell Precision Tower 5810 workstation equipped with an Intel(R) Xeon(R)
CPU E5-1660 v3 @ 3.00GHz, 16 GB of RAM, a 480-GB SSD, and Windows 10.

4.3. Tests under critical operating conditions

One of the primary objectives within this analysis was to ascertain which algorithm allows for
maximum power transfer while simultaneously tracking the MPP. The secondary objective was to
validate how the MPC controller adapts to the behaviors of the test scenarios in relation to the MPPT
algorithms. To determine the maximum energy transfer, we employed the trapezoidal integral (42). In
this data context, time vs. power was used. The trapezoidal integral was utilized to estimate the total
energy contained within a signal, as shown in Eq. (34).

n

Trapezoidal Integral = g Z (Yi—1) + y@i)) (34)
i=1

Here, (h) is the difference in the time interval value, (n) is the number of intervals, and (y(;_1)) and
(y(iy) are the power values at consecutive points. It should be noted that the maximum power extracted
from the system is derived from the area under the curve of the power generated by the PV panel, in
comparison with that obtained by each algorithm.

Table[[II] presents the results obtained by the algorithms for the critical irradiance test scenario. This
includes the area under the curve achieved by implementing the trapezoidal integral and the maximum
percentage of energy extracted.

In this analysis, consolidated results are presented for the various optimization algorithms in
comparison with the P&O algorithm. All algorithms under review successfully extract power from a
PV panel under varying irradiance levels.

This study found that the PSO algorithm achieved the highest power extraction, with a performance
of 95.937 % relative to the PV panel power. Fig.[8|illustrates the reference and calculated voltages, as well
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Table III. Results obtained with algorithms based on the MPC controller under a scenario of

variable average irradiance (critical)

Area under the power curve
PV panel P&O PSO SSA VSA
56.355 43.594 54.065 53.597 53.716
Percentage of power extracted
PV panel P&O PSO SSA VSA
100 85.101 95937 95.106 95.317

as reference and extracted power for PSO. VSA algorithm followed with 95.317 % power extraction (Fig.
[9). Both algorithms, with their iterative processes and particles, exhibit optimal MPPT responses when
tuned under identical conditions. SSA ranked third with 95.106 % extraction, as displayed in Fig.
Lastly, P&O achieved 85.101 %, with Figure[11|showing significant variations in voltage and power due
to the algorithm’s inherent behavior.

These results were obtained under varying irradiance conditions over time. To determine the
algorithm with the highest power extraction, the system was simulated under critical irradiance
variations, representing an average 24-hour day compressed into 2.4 seconds in Matlab /Simulink, with
each 0.1 second corresponding to an hour of operation.

It should be clarified that, at the beginning of the simulation, the PV array operates under zero
solar irradiation, according to the selected irradiation profile. Under this condition, the PV system
naturally exhibits the open-circuit voltage when no power conversion is active. However, since the
MPPT algorithm imposes a voltage reference associated with the expected MPD, the PV array is unable
to sustain this voltage due to energy unavailability. Consequently, the PV voltage decreases and tends
toward zero until the solar irradiance level increases.
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Figure 8. Variation in power demand and generation under average daily irradiance, as
determined by the PSO
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Figure 11. Variation in power demand and generation under average daily irradiance, as
determined by the P&O algorithm

4.4. Tests under mean operating conditions

On the other hand, for an average scenario (Table[V), the results are presented in the same manner

as in Table [IT} Here, under an average irradiance curve, note how the algorithms manage to extract
maximum power.

Table IV. Results obtained with algorithms based on the MPC controller under a scenario of

average irradiance

Area under the power curve
PV panel P&O PSO SSA VSA
56 42.671 52941 52.706 52.762
Percentage of power extracted
PV panel P&O PSO SSA VSA
100 84.056 94.538 94.118 94.218

To validate the test systems, an average daily irradiance condition was applied. According to the
results, the PSO algorithm achieved the highest power extraction, with 94.538 % relative to PV panel
power, as shown in Fig, [12| alongside the corresponding voltage variations. The VSA followed with
94.218 % power extraction (Fig. [13). In third place, SSA achieved 94.118 %, exhibiting a similar behavior
to other optimization algorithms (Fig. [14). Finally, P&O reached 84.056 %, with Figure [15 highlighting
pronounced variations in voltage and power due to its nature.

During the simulation of these systems, various tests were conducted under different irradiance
levels over a test period of 2.4 s. This allowed observing the way in which optimization algorithms are

capable of extracting more power in response to system changes under any irradiance profile compared
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Figure 13. Variation in power demand and generation under critical daily irradiance, as
determined by the VSA

to P&O. It was evident that the algorithm that enables maximum power extraction is PSO. In the critical

scenario, an average power of 91.615 % was obtained by the algorithms, and, on an average day, 91.733 %
of the power was extracted.
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5. Conclusions

This study presented a comprehensive analysis of four MPPT algorithmes, i.e., P&O, PSO, SSA, and
VSA, focused on maximizing power extraction from a PV panel. Emphasis was placed on the objective

function and algorithm efficiency under varying irradiance levels, including both average daily and
critical conditions. Using Matlab/Simulink, complex scenarios that reflect real-world PV configurations

were simulated. The analysis used a trapezoidal integral to evaluate the area under the power curve,
showing that PSO achieved approximately 95.937 % and 94.538 % of power extraction under critical
and average conditions, respectively. The remaining algorithms followed in order: VSA, SSA, and
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P&O. Visual representations further illustrated system responses, providing a clearer understanding
of voltage-power relationships. Given its high efficiency, PSO emerges as a strong candidate for future
PV system applications, particularly in scenarios with partial and total shading. Additionally, the MPC
controller demonstrated adaptability, effectively adjusting the boost DC/DC converter to maintain
MPPT under variable irradiance conditions. This adaptability highlights MPC’s potential for future PV
implementations that encounter fluctuating environmental conditions. Future work aims to develop a
DMPPT platform to support series-connected PV systems. This would include integrating monitoring
systems with energy storage, enabling optimal management and stability under conditions with varying
irradiance and improving system efficiency for different PV applications.
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