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Enhanced Parameter Identification of Solar
Photovoltaic Models Using a Novel Two-Stage
Improved Sea Lion Optimization Algorithm
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Abstract- This study introduces a novel two-stage metaheuristic framework for parameter identification (PI) of the single diode
model (SDM) in solar cells. The Sea Lion Optimizer (SLO) is, for the first time, applied to SDM parameter estimation and
compared with five other classical and recent metaheuristic algorithms. Results demonstrate SLO's superior performance. An
improved SLO (ISLO) is then developed, incorporating Lévy flight and personal best information to enhance accuracy. To
further improve the accuracy, a two-stage methodology is proposed, using mathematical analysis of the SDM to derive initial
parameter estimates and refine search ranges. This approach significantly enhances parameter estimation accuracy and
robustness. ISLO shows enhanced accuracy, with an overall RMSE improvement of approximately 59.7 % compared to SLO.
The two-stage ISLO further improves estimation, reducing the mean and standard deviation of RMSE by 89.6 % and 91.3 %,
respectively. The proposed two-stage method can also be integrated with other metaheuristic algorithms for similar gains.

Keywords- Photovoltaic model, parameter identification, metaheuristic optimization, sea lion optimizer, two-stage method.

1. Introduction performance of PV systems. These techniques extract key
parameters, such as photocurrent, diode ideality factors, and

Photovoltaic (PV) systems play a pivotal role in global  resistances, from PV models like the single diode model
renewable energy generation due to their scalability, declining ~ (SDM), double diode model (DDM), and triple diode model
cost, and potential for carbon emission reduction. The reliable ~ (TDM). Pl methods for PV model can be classified into
operation and accurate performance modeling of PV systems  analytical, numerical/iterative, and meta-heuristic approaches.
are therefore critical for optimizing energy yield and ensuring ~ Each category offers distinct advantages and challenges, as
grid stability in modern power systems. Previous research has  discussed below. Analytical methods use deterministic
demonstrated the effectiveness of advanced techniques in  equations derived from PV datasheet values to estimate
related power system domains, including fuzzy logic-based  parameters. These methods are computationally efficient and
transformer protection [1] and harmonic analysis for insulator ~ rely on mathematical formulations to compute parameters
reliability studies [2]. These approaches underscore the value  directly. Brano et al. [3] developed an improved five-
of sophisticated analytical methods for addressing critical ~ parameter model for SDM, incorporating temperature and
electrical system challenges, motivating our investigation of irradiance effects for enhanced accuracy. Orioli and Di Gangi
SDM PI in PV systems. Pl techniques for PV models are  [4] advanced this approach by eliminating the need for
critical for accurately simulating and optimizing the  graphical data, streamlining computations. Lineykin et al. [5]
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employed Kirchoff’s laws and the Lambert W function to
achieve precise parameter estimation. While analytical
methods are fast and straightforward, their accuracy can be
limited under varying environmental conditions due to
simplifying assumptions, making them less adaptable to
complex scenarios. Numerical and iterative methods utilize
computational algorithms to solve nonlinear equations,
offering greater accuracy by iteratively refining parameter
estimates to minimize errors between modeled and measured
I-V curves. Calasan et al. [6] proposed an iterative approach
using the Lambert W function for DDM and TDM, achieving
high precision in parameter extraction.

Similarly, Calasan et al. [7] conducted a comparative
analysis of iterative methods, highlighting their reliable
convergence for complex models. Silva et al. [8] introduced a
parameter estimation method to improve PV model accuracy,
emphasizing numerical robustness. These methods provide

Table 1. The pros and cons of different type of PI methods

high accuracy but are computationally intensive and may
encounter convergence challenges, particularly for multi-
diode models. Meta-heuristic methods employ soft computing
algorithms to optimize parameter extraction by minimizing
objective functions, making them highly effective for complex
models. These probabilistic approaches excel in handling
nonlinear and multimodal problems. Qais et al. [9] utilized a
novel circle search algorithm for TDM, demonstrating
superior accuracy and robustness. Soliman et al. [10] applied
the equilibrium optimizer algorithm, while Gafar et al. [11]
used modified spotted hyena optimization, both achieving
precise results across diverse conditions. Meta-heuristic
methods are versatile and accurate but require significant
computational resources and expertise to tune algorithm
parameters, posing challenges for real-time applications.
Table 1 summarizes the advantages and disadvantages of
these methods.

Method Advantages

Disadvantages

Analytical

Fast, simple, low computational demand

Limited accuracy, sensitive to conditions

Numerical/iterative High accuracy, reliable convergence

Computationally intensive, convergence issues

Meta-heuristic

Robust, versatile, high accuracy

High computational cost, complex tuning

Meta-heuristic (MH) algorithms have been extensively
employed to address various engineering challenges,
demonstrating superior performance in multiple applications.
Notable implementations include energy storage optimization
using GA and PSO for smart grid peak shaving [12], stochastic
unit commitment with hybrid techniques for cost-emission
reduction [13], and reliability-cost balanced sizing of hybrid
renewable systems [14]. Additional applications encompass
optimal DG and capacitor placement via artificial bee colony
algorithms [15], stability enhancement through coordinated
controller optimization [16], and multi-objective microgrid
operation management [17].

Given these demonstrated successes, this study proposes
to adopt MH methods for SDM parameter identification (PI).
Meta-heuristic methods have gained significant popularity for
Pl of the SDM in PV systems due to their ability to address
the complex, nonlinear, and multimodal nature of the
optimization problem involved. The SDM, which models PV
modules using parameters like photocurrent, reverse
saturation current, diode ideality factor, series resistance, and
shunt resistance, requires precise parameter extraction to
accurately represent the I-V characteristics under varying
environmental conditions. In addition, meta-heuristic methods
offer versatility across different PV models and operating
conditions. These methods can be applied to SDM, DDM, and
TDM with minimal adjustments, as demonstrated by
algorithms like differential evolution [18-20] and particle
swarm optimization [21-23]. For SDM, this adaptability is
crucial because PV modules operate under varying irradiance
and temperature conditions, which affect parameter values.
Moreover, the significant increase in computational power has

made meta-heuristic methods more practical. Algorithms like
genetic algorithms (GA) [24-26], artificial bee colony
optimization [27-29], and whale optimization [30-32] require
substantial computational resources due to their population-
based search mechanisms. However, modern workstations
and parallel computing architectures, as referenced in [33],
have reduced this barrier, enabling faster execution of these
algorithms. This computational feasibility has driven their
adoption for SDM parameter identification, where high
accuracy justifies the resource investment. Finally, meta-
heuristic methods provide high accuracy and robustness,
which are critical for real-world PV applications. The
document highlights that algorithm like the Harris Hawks
optimization [34] and marine predators’ algorithm [35-36]
achieve precise parameter estimates by minimizing error
metrics effectively. For SDM, this precision translates to
better performance prediction, improved maximum power
point tracking, and enhanced system design, which are vital
for optimizing renewable energy systems.

This study presents a new two-stage metaheuristic
framework for addressing the parameter identification (PI)
problem in the SDM, offering distinct improvements over
existing methods. For the first time, the Sea Lion Optimizer
(SLO) algorithm is applied to SDM parameter estimation. The
SLO’s performance is evaluated against established
algorithms, such as GA and Grey Wolf Optimizer (GWO), as
well as recent methods, including Coati Optimization
Algorithm (COA), African Vulture Optimization Algorithm
(AVOA), and Golden Jackal Optimizer (GJO). Results show
that SLO performs better than these alternatives.
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To improve estimation accuracy, an Improved SLO
(ISLO) is developed by incorporating Lévy flight and personal
best information. This leads to a 59.7% reduction in Root
Mean Square Error (RMSE) for SDM parameter identification
compared to the original SLO. Additionally, to address the
sensitivity of MH algorithms to initial conditions and search
boundaries, a two-stage approach is proposed.

In the first stage, a mathematical analysis of the SDM
provides initial parameter estimates. These are used in the
second stage to set narrower search ranges for the MH
algorithm. This method improves accuracy and robustness,
with ISLO achieving 89.6% and 91.3% reductions in the mean
and standard deviation of RMSE, respectively.

The proposed framework is adaptable and can be applied
to other MH algorithms to enhance their performance, unlike
methods in prior studies. The main contributions of this work
are:

» SLO Application: The first use of SLO for PV model
parameter estimation, outperforming existing MH
algorithms.

» ISLO Development: An enhanced ISLO with Lévy flight
and personal best information, reducing RMSE by
59.7% compared to the original SLO.

» Two-Stage Framework: A methodology using
mathematical analysis and refined search ranges,
achieving 89.6% and 91.3% reductions in mean and
standard deviation of RMSE, respectively, and
applicable to other MH algorithms.

Figure 1 illustrates the schematic diagram of each
research phase presented in this study.

Solar Diode Model Parameter Identification

Sea Lion
Optimizer
Introducing the Sea
Lion Optimizer to
improve efficiency.

Using initial
estimates to refine ISLO.

2
K/

Analyzing the Solar
Diode Model to
obtain initial
parameter

estimates.

Enhancing the
optimizer through
integrated Lévy flight
and personal best
information.

Fig. 1. Schematic diagram of each research phase of this study.

1.1. Nomenclature

Symbols

Co: Scaling constant for diode saturation current
Eq: Bandgap energy of the semiconductor material (eV)

Imee: Current at Maximum Power Point (A)

lexp,i: Measured current at the i-th data point (A)

Ion / 1pno: Photogenerated current (A)

lpv: Output current of the PV model (A)

Isa / lo / 1so: Diode saturation current (A)

lsim,i: Simulated current at the i-th data point (A)

Isc / Isco: Short-circuit current (A)

k: Boltzmann constant (1.3806x1072 J/K)

Lévy(s): Lévy step vector in D-dimensional space

m: Random number in the range [-1, 1]

n / no: Diode ideality factor (dimensionless)

N: Number of data points

N(0,1): Standard normal distribution

qg: Electron charge (1.602 x 107** C)

I, 11, 2, 13, r: Random numbers in the range [0, 1]

Rsh / Rsho: Shunt resistance (Q)

RMSE: Root Mean Square Error

Rs / Rso: Series resistance (Q)

ss: Step size for Lévy flight

T / To: Temperature (K) / Reference temperature (K)
Vwmee: Voltage at Maximum Power Point (V)

Voc / Voco: Open-circuit voltage (V)

X: Parameter vector [lph, lsd, N, Rs, Rsn]

aisc. Temperature coefficient of short-circuit current (%/°C)
Bvoc: Temperature coefficient of open-circuit voltage (%/°C)
0, ¢: Angles of voice reflection and refraction (radians)
®: Element-wise (entry-wise) multiplication operator

Abbreviations

ABC: Atrtificial Bee Colony

AVOA: African Vulture Optimization Algorithm
COA: Coati Optimization Algorithm

DDM: Double diode model

DG: Distributed Generation

GA: Genetic Algorithm

GJO: Golden Jackal Optimizer

GWO: Grey Wolf Optimizer

ISLO: Improved Sea Lion Optimizer

MAE: Mean Absolute Error

MH: Meta-heuristic

Pl: Parameter Identification

PV: Photovoltaic

RMSE: Root Mean Square Error

SDM: Single Diode Model

SLO: Sea Lion Optimizer

STC: Standard Test Conditions

TDM: Triple diode model
2. Single Diode Model and Parameter Extraction
Problem

SDM as shown in Figure 2 is a widely adopted equivalent
circuit model used to describe the current-voltage (I-V)
characteristics of PV cells and modules. This model consists
of a current source representing the photogenerated current
(Ipn), a diode accounting for recombination losses, a series
resistance (Rs) modeling ohmic losses, and a shunt resistance
(Rsh) representing leakage current. The SDM provides a good
compromise between simplicity and accuracy, making it
suitable for PV system analysis and optimization.
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Fig. 2. Schematic of a single diode model.

The output current (l,,) of the SDM is governed by a
nonlinear equation that combines these components. The
mathematical representation is given by:

=1y R g VIR g

Here, Iph is the photogenerated current, Isq is the diode
saturation current, g is the electron charge (1.602 x 10** C), n
is the diode ideality factor (typically between 1 and 2), k is the
Boltzmann constant (1.3806 x 1072 J/K), T is the temperature
in Kelvin, R is the series resistance, and Rs, is the shunt
resistance.

Extracting the five unknown parameters (Ign, Isq, N, Rs, and
Rsn) from experimental I-V data is a challenging task due to
the nonlinear and implicit nature of the equation. Traditional
analytical methods often require good initial guesses and may
converge to local minima. To overcome these limitations,
metaheuristic optimization methods are employed in this
study. These methods efficiently explore the parameter space
without requiring initial estimates and are robust against
measurement noise. The optimization process involves
minimizing the RMSE between the experimental and
simulated current values. The RMSE is defined as:

RMSE(X)Z\/%Z(Iexpl _|5|m|(x))2 (2)

where N is the number of data points, ley, is the measured
current at the i-th data point, and lsim, is the current predicted
by the SDM for a given parameter set X = [lpn, Isq, N, Rs, Rsn].

3. The Compared Metaheuristic Methods in This Study

This study proposes the use of the SLO for Pl of the SDM,
and evaluates its estimation performance in comparison with
several other MH algorithms, including GA, GWO, COA,
AVOA, and GJO. Section 3.1 presents the SLO employed in
this work, while Section 3.2 reviews the MH-based SDM
parameter extraction methods reported in the literature.

3.1. Description of Basic SLO

The SLO is Introduced by Raja Masadeh et. al. in 2019, it
is a nature-inspired MH optimization algorithm that mimics
the hunting behavior of sea lions in the wild [37]. SLO
involves the following main phases:

Step 1 Initialization: The algorithm begins by creating a
population of sea lions, where each sea lion represents a
potential solution to the optimization problem. To achieve
this, the position of each sea lion is initialized randomly within
the search space. This initialization process uses the equation:

init min max min
X{ =X+ rand; (X = XT) (3)

i Ny

Here, Xi""}“ represents the initial position vector of the i-th
solution, X{f}i” and X;7;** define the minimum and maximum

boundaries for the j-th dimension of the i-th solution, and rand
is a uniform random value selected from the interval [0, 1].

Step 2 Detecting and Tracking Phase: In this phase, sea
lions identify the location of prey and gather to encircle it.
Within the algorithm, the prey's location is analogous to the
best current solution found so far. To simulate this behavior,
the positions of the sea lions are updated using the following
equation:

Xi+lzxi

best

—C |21 Xpq — X' | 4)

In this equation, X** denotes the new position of the
search agent after the update, X.,,, is the position vector of
the best solution, and X represents the sea lion's position in
the current iteration i. The variable C decreases linearly from
2 to 0 throughout the iterations, and r is a random value within
the range [0, 1].

Step 3 Vocalization Phase: Sea lions use vocalization to
communicate and coordinate their hunting activities. To
model this, the leader sea lion's behavior is represented by the
following equations:

SP(Ieader) :| (V1(1+V2)) /Vz |
V, =sin(0) (5)
V, =sin(¢)

Where SPieader IS the value that influences the behavior of

the sea lion group, and 6 and ¢ represent the angles of voice
reflection and refraction in the water.

Step 4 Attacking (Exploitation) Phase: Sea lions employ
two main techniques to hunt their prey:

» Dwindling encircling: This technique is represented by
the value of C in the tracking phase equation, which
decreases to shrink the search space around the best
solution.

» Circling update: Sea lions chase the bait ball of fishes
and hunt them starting from the edges. This behavior is
modeled by:

X = X o +€05(227mM) | X — X' | (6)
where m is a random number in the range [-1, 1].

Step 5 Searching for Prey (Exploration) Phase: Sea lions
also search for new prey in the exploration phase. To simulate
this, their positions are updated based on a randomly selected
sea lion, using the equation:

XHl:X:’and_Clz'r'xlland_xll (7)
Here, X©,,.4 represents a randomly selected sea lion from the
current population, and r is a random value in the range [0, 1].
Through these steps, the SLO algorithm effectively mimics
the hunting behavior of sea lions to explore the search space
and find optimal or near-optimal solutions to optimization
problems. The flowchart of SLO is illustrated in Figure 3.
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Fig. 3. The flowchart of the utilized SLO.

3.2. Brief Description of The Compared MH-Based SDM
Parameter Extraction Methods

This study compares five other MH-based SDM PI
approaches. Among them, GA and GWO are well-established
MH methods and are therefore not discussed in detail. Ref.
[26] proposes a technique based on GA to enhance the
accuracy of solar cell parameters extracted. Results indicated
low parameter deviation even with large simulated initial
errors. The technique was also shown to surpass the quasi-
Newton method [26]. Ref. [38] introduces a GWO with
dimension learning-based hunting search strategy for
extracting parameters of PV cells, focusing on single-diode
and double-diode models. The document evaluates I-GWO's
performance against numerous algorithms from the literature.
In addition to GA and GWO, this study further compares three
recently proposed MH methods-AVOA, COA, and GJO-that
have been successfully applied to SDM PI problems. The
AVOA is a nature-inspired metaheuristic algorithm developed
by Abd Elaziz et al. in 2021. It mimics the foraging behavior
of African vultures, specifically their search for food and
competition. AVOA is characterized by its unique exploration
and exploitation strategies, utilizing both the vultures' ability

to search over long distances and their competitive feeding
behavior to efficiently solve optimization problems [39]. Ref.
[40] presents an improved-African wvultures optimization
algorithm hybridized with the Newton-Raphson method (I-
AVO-NR) for estimating parameters of a three-diode PV
model. The results demonstrate the algorithm's effectiveness
in matching experimental data. The COA, a MH algorithm
inspired by coati social behavior, was proposed in 2023 by
Dehghani et al. Its key feature is the simulation of cooperative
hunting, where some coatis direct prey, and predator evasion.
This dual approach enables efficient exploration and
exploitation in optimization [41]. Ref. [42] presents the COA
for parameter estimation of PV cells. This article selects the
COA algorithm for its approach and evaluates its effectiveness
using error metrics such as RMSE. This study focuses on
optimizing parameters for specific commercial modules
including the KC200GT, SW255, and SM55 multi-crystal.
The GJO is a MH algorithm inspired by the hunting behavior
of golden jackals. Proposed by Chopra et al. in 2022, its key
feature is the simulation of a jackal pair's cooperative hunting
strategy, encompassing prey searching, encircling, and
attacking. This approach with distinct exploration and
exploitation phases allows the algorithm to -effectively
navigate the search space for optimal solutions [43]. Ref. [44]
explores the use of the GJO, incorporating non-linear hunting
and reinforcement learning, for solar parameter estimation.
This study also compares the performance of GJO and its
variants against other algorithms for extracting parameters
from PV devices, showing detailed 1-V data fits and objective
function values.

4. The Proposed Improved SLO and Two-Stage SLO
4.1. Improved SLO

The paper proposes an improved version of the SLO
algorithm to address the limitations of the original SLO, such
as being trapped in local optima and slow convergence. The
improved version, called ISLO, incorporates several
enhancements to both the exploration and exploitation phases
of the algorithm [45].

Inspired by the concept of PSO, this study incorporates
the influence of the personal best into the position update
formula in the exploration phase to enhance the search
capability. This allows the newly created solutions to consider
both personal best and the best global solution found so far,
promoting a more effective exploration of the search space.
Accordingly, Equation (7) is replaced by:

X" =X"+C-dif, + C - dif, (8)
where:
dlfl = (Zrlxbest - X i)! dlfz = (2r2XIocaI - XI) (9)
where:

> X}ocar is the personal best position up to the iteration i.
» 11, 12 are random numbers in the range [0, 1].

In the exploitation phase, ISLO employs a bidirectional
search strategy to enhance the search process. This involves
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generating an opposite solution to the current one and
evaluating both to determine the better candidate for the next
iteration. The exploitation phase update mechanism is as
follows:

X=X, +C-N(0,1)-(2r,X,,, — X') (10)
Xt = LB +UB — Xy + 1,(Xpe = X (12)

oppo
where:

» N (0, 1) is a normal distribution variable.

» LB and UB are the lower and upper bounds of the
search space.

» 13, r4 are random numbers in the range of [0, 1].

Additionally, ISLO employs the Lévy flight to introduce
a more complex trajectory for the sea lions, further enhancing
the diversity and local exploitation ability of the algorithm.
The position update formula using Lévy flight is given by Eq.
(12), which is primarily designed to complement Eq. (6). In
this study, the sea lion selects either the circling update (Eq.
(6)) or the Lévy flight update (Eq. (12)) with equal probability
to calculate the attack position.
X=X, +5s-Levy(s) ® (X

— “Mbest best X I) (12)
where:

> ss is the step size.

» @ is entry-wise multiplications.

» Lévy(s) is a set of Lévy step lengths in a D-

dimensional space.
4.2. Two-stage SLO

To further enhance the parameter identification
performance of the proposed approach, this study introduces
a two-stage SLO Pl method. The main concept is to utilize the
known mathematical relationships of the SDM to calculate
initial parameter values based on basic information provided
in the datasheet. Although the calculated parameters are not
perfectly accurate, they can serve as valuable references for
the second-stage MH method. Ref. [46] suggest that SDM
parameters can be identified using manufacturer datasheet
values-such as open-circuit voltage, short-circuit current, and
maximum power point data-combined with temperature
coefficients through analytical methods. Based on this
concept, the initial estimates for the five parameters to be
identified are derived as follows:

First, under short-circuit conditions, the photocurrent lp,
is approximately equal to the short-circuit current, leading to:

IphO = Isc (13)

The initial value of saturation current 1sO can be

calculated as the following equation based on basic
semiconductor physics.

E.
I, =G, 'To3 'eXp[_k.-ll-] (14)
0

» Iy: Diode saturation current at the reference
temperature To.
» Cp: Constant, representing the cell technology-

specific scaling factor.
» Ty Reference temperature (usually 25°C or 298 K).
» E,: Bandgap energy of semiconductor material (e.g.,
silicon ~1.12 eV).
» k: Boltzmann constant (8.617333262 x 107° eV/K).

Next, the initial value of the ideality factor can be
estimated from the open-circuit voltage, as follows. Since at
open-circuit, current 1=0, and voltage is V=Vqco, substituting
into the SDM and rearrange yield:

I = I{exp(\r/]"\;oj—l} (15)

Since lpr=lsco at STC, take natural logarithm on both sides,
n0 can be obtained as:

V,

oc0

v, -|n£';w+1j (16)

S

n, =

rewrite the MPP equation in the following form to isolate
the exponential term by neglecting Rno, Eq. (17) can be
obtained.

Voo+l R,
oo = Vope = Iso{exp (”"”’nO\Zp”J —1} (17)

Take logarithm and solve for Ry Yyield;

., -1
NV, -In| —2%"P 49 |V
= [ L (18)
RSO =
Impp
Finally, the initial value of Rno can be calculated by
rearranging the full SDM equation (including shunt

resistance) at the MPP point.

X-NnV,
Loop = Voo — Lo [EXP(X) —1] - =2 (19)
tho
where:
X = Vmpp + Impp RsO (20)
nOVt
Rearrange to solve for Ry yield
X-nV,
Ry = ot (21)

Ipho - Impp - Iso(exp(x) _1)
After calculating the initial estimates of the SDM
parameters using Egs. (13), (14), (16), (18), (21), each value
is multiplied by an upper bound coefficient (UB) to define the
upper limit of the ISLO particle search range, and by a lower
bound coefficient (LB) to define the lower limit. ISLO
optimization can then be performed. Since this method
modifies only the search range without altering the update
equations of the algorithm, the proposed two-stage approach
can be applied to any MH algorithm. In this study, this concept
is also extended to all implemented algorithms for
comparative analysis. The UB and LB values are set to 2 and
0.5 in this study, respectively. The flowchart of the proposed
two-stage ISLO is illustrated in Figure 4.
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Fig. 4. The flowchart of the proposed two-stage ISLO.
5. Simulation and Experimental Results

This study implements the proposed ISLO, the two-stage
ISLO, and five MH algorithms previously applied to SDM PI
problems in the literature. The simulations were conducted
using Python in a Jupyter Notebook environment, on a
computer with an Intel Core i7-12700 processor and 16GB of
RAM.

The performance of these methods is validated using the
I-V curve of a commercial solar module. Specifically, the

GSM5-72-210 solar module manufactured by GermanSolar is
used, with its specifications summarized in Table 2. The
investigation focuses on the impact of epoch number, particle
number, and initialization methods.

Figure 5 illustrates the convergence trends of various MH
methods with a particle number of 100, epoch of 1000, and
initialization using the conventional random method. As
shown in Figure 5, the methods achieving the lowest final
fitness values are ISLO, SLO, and GWO, respectively.

Figures 6 and 7 present a comparative analysis of relative
parameter errors and error distributions for various algorithms
applied to the SDM parameter estimation, including SLO,
Improved SLO (ISLO), COA, AVOA, GJO, GA, and GWO.
Figure 6 displays box plots of relative errors for parameters
loho, No, lo, Rno, and Rso, highlighting ISLO's superior
performance. ISLO consistently exhibits lower median errors
and reduced variability compared to other methods, notably
outperforming SLO, GA, and GWO across all parameters. For
instance, ISLO shows significantly smaller errors in Ry (close
to 0%) compared to the higher deviations in GWO and GA.

Figure 7 complements this with histograms of error
distributions, reinforcing ISLO's advantage. The error
distributions for ISLO are narrower and more centered around
zero, indicating higher precision and stability. In contrast,
methods like GWO and GA display wider distributions with
larger errors, especially for Ry and Rso. The incorporation of
Lévy flight and personal best information in ISLO reduces the
RMSE by 59.7% compared to SLO, and the two-stage
framework further enhances accuracy, achieving 89.6% and
91.3% improvements in mean and standard deviation of
RMSE. This underscores ISLO's effectiveness and robustness,
setting it apart from other algorithms in both accuracy and
reliability.

Similarly, Figures 8-10 depict the results obtained by
setting the search range using the two-stage method.

Table 2. Specifications of solar cells used in this study

Single PV

Item Module
Maximum Power (Pmax) (W) 210
Open-Circuit Voltage (Voc) (V) 45.72
Short-Circuit Current (Isc) (A) 5.77
Voltage at Maximum Power Point (Vwpp) 3852
) '
Current at Maximum Power Point (Ivep) (A) 5.45
Temperature Coefficient of Open-Circuit -0.331
Voltage (Bvoc) (%/°C) '
Temperature Coefficient of Short-Circuit 0.059
Current (cusc) (%/°C) '
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Fig. 5. Convergence trends of various MH methods under random initialization conditions.
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Figures 9 and 10 illustrate the impact of a two-stage
approach on parameter estimation for the SDM. In the first
stage, the method leverages the physical behavior of SDM to
estimate initial particle ranges (solution space), followed by
the original algorithms in the second stage. Figure 9 shows
box plots of relative parameter errors (Ipno, No, lo, Rho, and Rso),
while Figure 10 provides error distribution histograms. ISLO
continues to outperform all other methods, exhibiting the
lowest median errors and tightest interquartile ranges,
especially for Ry and Rpo, where its errors are minimal
compared to the broader deviations in GWO and GA. The
two-stage approach benefits all algorithms, with noticeable
reductions in error variability and shifts toward zero. For
instance, ISLO’s error distributions in Figure 10 are
significantly narrower and more centered, reflecting its
enhanced precision, while other methods like COA and
AVOA also show improved stability. This dual-stage strategy,
by refining initial conditions, uniformly enhances the
accuracy and robustness of all algorithms, with ISLO
maintaining its lead due to its integrated Lévy flight and
personal best enhancements.

IphO no

Relative Parameter Errors (%) (I:%mpared to Correct Values
S|

Table 3 and Table 4 present a comparative analysis of
several metaheuristic optimization algorithms, evaluating
their performance based on RMSE and MAE across varying
particle numbers and epochs. The results are segregated into
two categories: the first (Table 3) employs a traditional
random initialization with a broader parameter range, while
the second (Table 4) leverages a preliminary estimation of
parameters derived from the SDM to refine the search space.

A critical observation is the significant influence of the
initialization strategy on the final RMSE/MAE. The data
clearly indicates that utilizing the SDM-derived parameter
estimates for initialization consistently yields superior results
compared to random initialization. Specifically, across all
particle and epoch configurations, the Mean RMSE/MAE
values are substantially lower when using the SDM-informed
initialization. This highlights the importance of a well-
informed initial search space, as it facilitates faster
convergence and improved solution accuracy. Random
initialization, conversely, often leads to higher RMSE/MAE
values, suggesting that the algorithms struggle to efficiently
navigate the larger, less refined search space.
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Fig. 9. Box plot of relative errors for parameter estimation results of various MH methods under two-stage initialization
conditions.
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initialization conditions.

Table 3. Random initialization results (Mean (Std Dev))

Particle=10, Particle=50, Particle=50, Particle=100, Particle=100,

Algorithm Epoch=10 Epoch=50 Epoch=100 Epoch=100 Epoch=1000
RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE
SLO 0.3095 0.197 0.0925 0.056 0.0727 0.056 0.0662 0.046 0.0452 0.036
(0.1422) | (0.125) | (0.0431) | (0.019) | (0.0640) | (0.021) | (0.0294) | (0.019) | (0.0210) | (0.015)
ISLO 0.2967 0.271 0.0840 0.055 0.0660 0.041 0.0568 0.034 0.0182 0.005
(0.0572) | (0.153) | (0.0330) | (0.030) | (0.0284) | (0.013) | (0.0194) | (0.012) | (0.0115) | (0.003)
COA 0.2651 0.168 0.1109 0.076 0.0844 0.054 0.0765 0.047 0.0432 0.032
(0.1501) | (0.042) | (0.0775) | (0.031) | (0.0303) | (0.019) | (0.0447) | (0.018) | (0.0494) | (0.008)
AVOA 0.7389 0.555 0.4399 0.311 0.4338 0.265 0.3935 0.229 0.3689 0.237
(0.2966) | (0.287) | (0.2319) | (0.123) | (0.1908) | (0.159) | (0.1336) | (0.119) | (0.1726) | (0.102)
GIO 0.5377 0.391 0.2826 0.237 0.2824 0.231 0.3487 0.187 0.3745 0.348
(0.2058) | (0.329) | (0.1711) | (0.194) | (0.1964) | (0.169) | (0.2155) | (0.153) | (0.1408) | (0.123)
GA 0.6647 0.446 0.1419 0.099 0.1188 0.093 0.0742 0.061 0.0564 0.094
(0.2286) | (0.236) | (0.0400) | (0.027) | (0.0470) | (0.031) | (0.0156) | (0.024) | (0.0128) | (0.010)
GWO 0.2578 0.140 0.1434 0.104 0.1163 0.084 0.0935 0.063 0.0417 0.031
(0.0744) | (0.037) | (0.0460) | (0.024) | (0.0312) | (0.023) | (0.0251) | (0.015) | (0.0072) | (0.007)
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Table 4. Analytical formula initialization results (Mean (Std Dev))

Particle=10, Particle=50, Particle=50, Particle=100, Particle=100,

Algorithm Epoch=10 Epoch=50 Epoch=100 Epoch=100 Epoch=1000
RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE
SLO 0.3914 0.331 0.0192 0.021 0.0175 0.015 0.0098 0.007 0.0024 0.002
(0.2790) | (0.237) | (0.0144) | (0.010) | (0.0095) | (0.010) | (0.0130) | (0.006) | (0.0027) | (0.001)
ISLO 0.3852 0.377 0.0144 0.013 0.0143 0.009 0.0080 0.004 0.0019 0.001
(0.2538) | (0.244) | (0.0141) | (0.010) | (0.0093) | (0.009) | (0.0049) | (0.004) | (0.0010) | (0.001)
COA 0.2086 0.136 0.0223 0.017 0.0206 0.019 0.0153 0.011 0.0070 0.006
(0.2182) | (0.137) | (0.0212) | (0.007) | (0.0209) | (0.009) | (0.0080) | (0.007) | (0.0042) | (0.004)
AVOA 0.4556 0.305 0.0378 0.010 0.0176 0.010 0.0146 0.005 0.0120 0.006
(0.2840) | (0.262) | (0.0227) | (0.013) | (0.0116) | (0.011) | (0.0275) | (0.006) | (0.0150) | (0.009)
GO 0.6826 0.385 0.0485 0.027 0.0403 0.024 0.0345 0.028 0.0207 0.016
(0.2452) | (0.219) | (0.0171) | (0.016) | (0.0130) | (0.009) | (0.0200) | (0.013) | (0.0084) | (0.007)
GA 0.8411 0.525 0.0643 0.046 0.0472 0.024 0.0263 0.022 0.0104 0.006
(0.2741) | (0.303) | (0.0503) | (0.027) | (0.0360) | (0.017) | (0.0207) | (0.016) | (0.0094) | (0.003)
GWO 0.3045 0.224 0.0410 0.012 0.0304 0.009 0.0128 0.008 0.0056 0.005
(0.3395) | (0.181) | (0.0209) | (0.008) | (0.0186) | (0.007) | (0.0067) | (0.004) | (0.0027) | (0.002)

The tables also demonstrate the impact of particle and
epoch numbers on algorithm performance. Generally,
increasing both the number of particles and the number of
epochs leads to a reduction in RMSE/MAE, indicating
improved solution quality. For instance, with SDM-informed
initialization, increasing the particle number from 10 to 100,
while maintaining 100 epochs, significantly reduces the Mean
RMSE/MAE for all algorithms. Similarly, holding the particle
number at 100 and increasing the epochs from 100 to 1000
further refines the results. This trend is consistent with the
fundamental principles of metaheuristic optimization: a larger
population allows for broader exploration of the search space,
and more iterations provide additional opportunities for
convergence towards the optimum.

While the initialization strategy and parameter settings
exert a dominant influence, the relative performance of the
algorithms also warrants attention.  ISLO consistently
demonstrates strong performance, often achieving the lowest
RMSE/MAE values, particularly with SDM-informed
initialization and higher particle/epoch numbers. This
suggests that the enhancements incorporated into ISLO, such
as personal best information, Lévy flight calculation, and di-
directional search, effectively contribute to its optimization
capabilities. Algorithms like AVOA and GWO, on the other
hand, generally exhibit higher RMSE/MAE values, indicating
potentially less efficient search mechanisms for this specific
problem.

In conclusion, the results underscore the critical role of
informed initialization in  metaheuristic optimization.
Utilizing problem-specific knowledge to constrain the search
space can significantly enhance the efficiency and accuracy of
these algorithms. Furthermore, increasing particle and epoch
numbers generally improves performance, albeit at a higher
computational cost. Finally, the ISLO algorithm demonstrates
promising results, suggesting that its enhanced search
strategies offer advantages in terms of convergence and
solution quality.

Finally, Figure 11 presents a comparison between the I-V
curves derived from the five parameters obtained by various

MH methods (with a particle number of 100 and epoch
number of 1000) using two different initialization methods
and the actual I-V curve, based on the SDM. As shown in
Figure 11, with the conventional random initialization
method, even with the epoch number set to 1000, only a few
MH methods produce I-V curves that closely match the actual
values. However, when the two-stage initialization method is
employed to narrow the search range, nearly all MH methods
yield I-V curves that effectively align with the actual values,
thereby validating the effectiveness of the proposed two-stage
method.

6. Conclusion and Recommendations

This study presents a two-stage metaheuristic framework
for improved parameter identification in the SDM. It
introduces the SLO algorithm for SDM parameter estimation,
a novel application that outperforms established algorithms
such as GA, GWO, COA, AVOA, and GJO. Additionally, an
Improved SLO, incorporating Lévy flight and personal best
information, enhances estimation accuracy, achieving a59.7%
reduction in RMSE compared to the original SLO.

The proposed two-stage ISLO framework further
improves precision and stability, yielding 89.6% and 91.3%
reductions in the mean and standard deviation of RMSE,
respectively, compared to ISLO with random initialization.
These results demonstrate the effectiveness and reliability of
the proposed ISLO algorithm and two-stage methodology for
accurate PV model parameter identification.

For future work, the proposed framework could be
extended to real-time applications, such as online parameter
estimation for PV systems under varying environmental
conditions. Additionally, adapting the methodology to multi-
diode models, such as the DDM or TDM, may enhance its
applicability to more complex PV systems. Integration with
embedded systems for efficient on-device implementation
could further increase the practical value of this approach,
enabling its use in resource-constrained environments.
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Fig. 11. Comparison of I-V curves for two different initialization methods: (a) random initialization, (b) two-stage initialization
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