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A B S T R A C T

Integrating solar photovoltaic (PV) systems into the modern power grid introduces a variety of new problems.
The accurate modelling of PV is required to strengthen the system characteristics in simulation environments.
Modelling such PV systems is reflected by a nonlinear I–V characteristic curve behaviour with numerous
unknown parameters because there is insufficient data in the cells’ datasheet. As a result, it is always a priority
to identify these unknown parameters. To extract features of solar modules and build high-accuracy models for
modelling, control, and optimization of PV systems, current–voltage data is required. A hybrid evolutionary
algorithm is proposed in this paper for precise and effective parameter estimation from experimental data of
various PV models. The proposed algorithm is named as hybrid flower grey differential (HFGD) algorithm
and is based on the hybridization of flower pollination algorithm (FPA), grey wolf optimizer (GWO), and
differential evolution (DE) algorithm. For performance evaluation, CEC 2019 benchmark data set is used.
To increase the accuracy of the output solutions, we also combined the Newton–Raphson approach with the
proposed algorithm. Four PV cells/modules with diverse characteristics, including RTC France Single Diode
Model (SDM), RTC France Double DM (DDM), Amorphous Silicon aSi:H, and PVM 752 GaAs Thin-Film, are
used to validate the effectiveness as well as the feasibility of the proposed algorithm. The parameter results
obtained through the utilization of HFGD algorithm have been compared with other evolutionary algorithms
through aspects of precision, reliability, and convergence. Based on the outcomes of the comparison, it has
been seen that the HFGD algorithm obtained the lowest root-mean-square error (RMSE) value. Friedman’s
rank and Wilcoxon test are carried out for the statistical analysis of the proposed work. The I–V and P–V
characteristics are drawn along with the box plot for different PV cells/modules. Statistical and experimental
results show the superiority of the proposed algorithm with respect to its counterpart.
1. Introduction

De-carbonization has established a consensus among nations at-
tributed to the growing global temperature, and the clean replacement
of fossil fuels with solar, wind, wave, tidal, hydro, nuclear, etc. power
on the generating side is vital to attaining this objective. Future power
systems will predominantly depend on new energy sources (Chen et al.,
2023). PV systems are one of the proposed alternatives to obtain this
clean replacement of fossil fuels (Abbas et al., 2023; Sharma et al.,
2022a). The research on solar cell materials mostly centres around
two aspects: the advancement of novel materials, such as perovskites
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and quantum dots, as well as the enhancement of existing materi-
als, including as silicon, through optimization techniques (Zhi et al.,
2023; Nowsherwan et al., 2023). Researchers are currently employing
optimization techniques to enhance the operational effectiveness of
solar cells, while concurrently focusing on enhancing the stability and
efficiency of perovskite solar cells (Bati et al., 2023; Chowdhury et al.,
2023). With the ongoing reduction in the cost of solar cells as well
as the continuous enhancement in their efficiency, solar energy is pro-
gressively emerging as a feasible alternative for electricity generation
because it produces electricity through PV power without inflicting
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adverse effects on the environment, unlike fossil fuels (Liu et al.,
2023; Nyamathulla et al., 2023; Anjaneya Vara Prasad et al., 2023).
But, environmental factors such as unpredictable weather, airborne
particles, and temperature reduce the efficiency of the PV, large PV
grid-connected systems still struggle to provide electricity with great
efficiency and precision (Rathod and Subramanian, 2022; Sharma and
Naidu, 2022). These challenges can be solved by developing accurate
PV models that improve the efficiency and accuracy of solar cell energy
conversion (Mo et al., 2023; Nyamathulla and Chittathuru, 2023). The
functionality, as well as the efficiency of the models whose param-
eters are estimated, are known to accurately describe the behaviour
of PV panels. For this purpose, it is essential to use a technique for
precise parameter estimation that optimizes the energy efficiency of PV
models (Jordehi, 2016).

Also, various methods have been reported in the literature to extract
solar PV parameters. Each method has its own disadvantages in terms of
accuracy, complexity and convergence or speed. They are categorized
broadly as analytical, deterministic, and MH optimization techniques.
In comparison to alternative approaches for determining PV model
parameters, analytical methods are more efficient and user-friendly.
But, the solution’s dependability and precision are substandard since
postulates must be formulated before analysis. Moreover, deterministic
strategies may readily get trapped in cycles of local maxima because
their underlying assumptions might lead them to be misled. MH op-
timization techniques are similar to the deterministic methods. MH
optimization has some advantages: performance reliability, robustness,
simplicity, ease of implementation, etc. The beauty of MH algorithms is
that they impose no restrictions on the problem’s characteristics. Hence,
they can be simply implemented for a broad variety of real-world
challenges. Therefore, they have become viable options for fetching PV
model parameters (Abbassi et al., 2018; Venkateswari and Rajasekar,
2021).

Many MH algorithms are available in the literature to address
this problem such as nuclear reaction optimization (NRO) (Wei et al.,
2019), gaining sharing knowledge (GSK) (Xiong et al., 2021), tu-
nicate swarm algorithm (TSA) (Beşkirli and Dağ, 2022), bald eagle
search (BES) (Nicaire et al., 2021), teaching–learning based optimiza-
tion (TLBO) (Rao et al., 2012), hybrid successive discretization algo-
rithm (HSDA) (Cotfas et al., 2021), successive discretization algorithm
(SDA) (Cotfas et al., 2019), heap-based optimizer (HBO) (AbdElminaam
et al., 2022), generalized oppositional teaching learning-based opti-
mization (GOTLBO) (Chen et al., 2016), improved teaching learning
based optimization (ITLBO) (Li et al., 2019b), ranking teaching learning
based optimization (RTLBO) (Xiong et al., 2018b), improved whale
optimization algorithm (IWOA) (Xiong et al., 2018a), improved JAYA
optimization algorithm (IJAYA) (Jordehi, 2018), teaching–learning-
based artificial bee colony (TLABC), backtracking search optimization
algorithm (BSA), Chen et al. (2018), supply demand based optimization
(SDO) (Xiong et al., 2019), harmony search (HS) (Askarzadeh and
Rezazadeh, 2012), genetic algorithm (GA), barnacles mating optimizer
algorithm(BMOA) (Madhiarasan et al., 2022), enhanced lévy flight
bat algorithm (ELBA), directional bat algorithm (DBA), novel bat al-
gorithm (NBA), bat algorithm (BA) (Deotti et al., 2020), improved
slime mould algorithm (CNMSMA) (Liu et al., 2021), honey badger
algorithms (HBA) (Düzenli et al., 2022), logistic chaotic rao-1 opti-
mization algorithm (LCROA) (Lekouaghet et al., 2021), ali baba and
forty theives (ABT) (Sharma et al., 2022b), artificial humming bird
Optimization (AHO) (Ayyarao and Kishore, 2023), pheromone value
black widow optimization (pv-BWO), hybrid sailfish optimization (h-
SFO) (Chauhan and Prakash, 2023), side blotched lizard algorithm
(SBLA) (Navarro et al., 2023), bonobo optimizer (BO) (Sharma and
Raju, 2023a), squirrel search algorithm (SSA) (Maden et al., 2023), etc.
Researchers have presented a list of improved solution approaches that
rely on MH algorithms.

Additionally, according to the well-known no-free lunch theorem,
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any solution method for an optimization problem has the potential c
for improvement and expansion (Wolpert and Macready, 1997; Hassan
et al., 2020; Rauf et al., 2021). So it is necessary to use new optimiza-
tion techniques to determine the parameter estimation of the solar PV
and see how these new algorithms perform. In the present work, we in-
troduce a new hybrid flower pollination algorithm (FPA) (Yang, 2012),
grey wolf optimization (GWO) (Mirjalili et al., 2014a) and differential
evolution (DE) (Storn and Price, 1997) based (HFGD) algorithm. The
new algorithm uses the basic structure of FPA and incorporates changes
inspired by GWO and DE into it. The algorithm uses a combination of
equations that are best suited and are derived from basic FPA, GWO and
DE algorithms. The major reason for using GWO in FPA is to improve
the exploration (expl) operation and DE based equations helps to im-
prove the exploitation (expt) process. For performance enhancement,
adaptive parametric operations are performed and a new concept of
iterative division is introduced. Apart from these added advantages, the
parameters of the proposed algorithm are made self-adaptive in nature.

Accordingly, the paper’s main objective is to predict the parameters
of SDM, DDM, Amorphous Silicon aSi:H, and PVM 752 GaAs Thin-Film
of the solar PV cell/modules by the HFGD algorithm. The accuracy of
the proposed HFGD algorithm is evaluated using RMSE. In addition,
data from recent MH algorithms are compared with the characteristics
derived by HFGD algorithm. Additionally, an improvement in the RMSE
values is observed. This paper uses a HFGD algorithm but efficient MH
algorithm to address the PV model parameter extraction issue based on
the considerations above. Due to the excellent behaviour of the HFGD
algorithm, in this paper HFGD algorithm is introduced to the parameter
extraction of SDM, DDM, Amorphous Silicon aSi:H and PVM 752 GaAs
thin-film are presented. The main contributions of this paper are

• A new algorithm namely HFGD is proposed with the added advan-
tages of FPA, GWO and DE algorithm by incorporating the best
equations and parameters of GWO and DE in FPA.

• A new concept of division of iterations is added in the local as
well as global search phase of the proposed algorithm, along with
adaptive switching probability and significant population adapta-
tion for improved convergence in lesser number of iterations.

• The proposed algorithm is evaluated on CEC 2019 benchmark
dataset (Brest et al., 2019; Sharma and Raju, 2023b), statistical
tests (Friedman and wilcoxon tests) and is compared with respect
to some of the best known algorithms including jDE100, FPA, DE,
YDSE, among others.

• HFGD is introduced to solve the parameter extraction of SDM,
DDM, Amorphous Silicon aSi:H and PVM 752 GaAs thin-film are
presented.

• Comparing the results obtained by the HFGD algorithm with other
MH algorithm.

The rest of the paper is organized as: The mathematical modelling of
the SDM, and DDM is presented in Section 2. Section 3 demonstrates the
fundamentals of nature-inspired algorithms. The detailed process of the
HFGD algorithm is introduced in Section 4. In Section 5, experimental
results of HFGD algorithm for CEC benchmarks with respect to other
MH algorithms are presented. Apart from that, real world parametric
estimation of the solar PV system including SDM, DDM, Amorphous
Silicon aSi:H and PVM 752 GaAs thin-film cell/module is done. In Sec-
tion 6, the summary of results, drawbacks, and insightful implications
are presented and important conclusion are outlined in the last Section.
The outline of this research article is presented in Fig. 1.

2. Mathematical modelling

In the literature, the modelling of PV cells is shown using the SDM
and DDM, which are shown in Figs. 2 and 3, respectively. Typically,
equivalent circuit are used to illustrate the connection between, I and
V of PV cells/modules. The SDM has five unknown parameters, namely
𝑅𝑠, 𝑛, 𝐼𝑠𝑐 , 𝑅𝑠ℎ𝑢, and 𝐼𝑃ℎ. In contrast, the DDM has two additional
arameters (for a total of seven) than the SDM i.e 𝑛2, and 𝐼𝑠𝑐2. The
ext subsections briefly discuss the SDM and DDM to highlight the IV

haracteristics of PV.
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Fig. 1. Outline of the article.
Fig. 2. Equivalent circuit of SDM.

2.1. Single diode model

SDM is a commonly used mathematical model and is illustrated
in Fig. 2. The output current (𝐼𝑜) can be calculated using Eq. (1)
given below (Maden et al., 2023; Sharma et al., 2022c; Prasad and
Dhanamjayulu, 2021):

𝐼𝑜 = 𝐼𝑃ℎ − 𝐼𝑑𝑖𝑜 − 𝐼𝑠ℎ𝑢 (1)

The mathematical expressions for the 𝐼𝑑𝑖𝑜 and 𝐼𝑠ℎ𝑢 are given in Eqs. (2)
and (3) respectively.

𝐼𝑑𝑖𝑜 = 𝐼𝑠𝑐

[

𝑒𝑥𝑝
(

𝑞(𝑉𝑜 + 𝐼 ∗ 𝑅𝑠)
𝑛𝑘𝑇

)

− 1
]

(2)

𝐼𝑠ℎ𝑢 =
𝑉𝑜 + 𝐼 ∗ 𝑅𝑠

𝑅𝑠ℎ𝑢
(3)

The 𝐼𝑜 is presented in the given Eq. (4).

𝐼𝑜 = 𝐼𝑃ℎ − 𝐼𝑠𝑐

[

𝑒𝑥𝑝
(

𝑞(𝑉𝐿 + 𝐼 ∗ 𝑅𝑠ℎ𝑢)
𝑛𝑘𝑇

)

− 1
]

−
𝑉𝐿 + 𝐼 ∗ 𝑅𝑠

𝑅𝑠ℎ𝑢
(4)

where, shunt resistance (𝑅𝑠ℎ𝑢), diode ideality factor (𝑛), series resistance
(𝑅𝑠), reverse saturate current (𝐼𝑠𝑐 ), Boltzmann constant (𝑘 = 1.3806503×
10 − 23 J∕K), charge of the electron (𝑞 = 1.60217646 × 10 − 19 C), and
Kelvin temperature of the solar cell (𝑇 ). An accurate PV model can be
created by extracting these parameters (𝑅𝑠, 𝑛, 𝐼𝑠𝑐 , 𝑅𝑠ℎ𝑢, and 𝐼𝑃ℎ).

2.2. Double diode model

It is clear from Fig. 3 that two diodes are added. And, its mathe-
matical formula is given in Eq. (5) (Abdel-Basset et al., 2021; Navarro
et al., 2023):

𝐼𝑜 = 𝐼𝑃ℎ − 𝐼𝑑𝑖𝑜1 − 𝐼𝑑𝑖𝑜2 − 𝐼𝑠ℎ𝑢 (5)

Eqs. (6) and (7) represents the mathematical expressions for the 𝐼𝑑𝑖𝑜1
and 𝐼𝑑𝑖𝑜2, respectively.

𝐼𝑑𝑖𝑜1 = 𝐼𝑠𝑐1

[

𝑒𝑥𝑝
(

𝑞(𝑉𝑜 + 𝐼 ∗ 𝑅𝑠ℎ𝑢)
𝑛1𝑘𝑇

)

− 1
]

(6)

𝐼𝑑𝑖𝑜2 = 𝐼𝑠𝑐2

[

𝑒𝑥𝑝
(

𝑞(𝑉𝑜 + 𝐼 ∗ 𝑅𝑠ℎ𝑢)
)

− 1
]

(7)
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𝑛2𝑘𝑇
Fig. 3. Equivalent circuit of DDM.

The 𝐼𝑜 is displayed in the given Eq. (8).

𝐼𝑜 = 𝐼𝑃ℎ − 𝐼𝑠𝑐1

[

𝑒𝑥𝑝
(

𝑞(𝑉𝑜 + 𝐼 ∗ 𝑅𝑠ℎ𝑢)
𝑛1𝑘𝑇

)

− 1
]

− 𝐼𝑠𝑐2

[

𝑒𝑥𝑝
(

𝑞(𝑉𝑜 + 𝐼 ∗ 𝑅𝑠ℎ𝑢)
𝑛2𝑘𝑇

)

− 1
]

−
𝑉𝑜 + 𝐼 ∗ 𝑅𝑠

𝑅𝑠ℎ𝑢
(8)

where, diode ideality factor (𝑛1) and (𝑛2) and reverse saturate current
(𝐼𝑠𝑐1) and (𝐼𝑠𝑐2). An accurate PV model can be created by extracting
these parameters (𝑅𝑠, 𝑁1 and 𝑁2, 𝐼𝑠𝑐1, 𝐼𝑠𝑐2, 𝑅𝑠ℎ𝑢, and 𝐼𝑃ℎ).

2.3. Objective function

The HFGD algorithm is utilized to solve an optimization challenge
in order to identify the parameters of the PV cells/modules model.
By addressing this optimization challenge, the fitness function is mini-
mized, leading to the discovery of unknown parameters. The objective
of the HFGD is to minimize the error among the calculated current (𝐼𝑒)
and the measured current (𝐼𝑚). Generally, the error function (𝑅𝑀𝑆𝐸)
can be expressed as an objective function and given in Eq. (9) (Yang
et al., 2023; Abd El-Mageed et al., 2023; Sharma and Raju, 2023a).
Six additional statistical indicators are included to demonstrate the
accuracy of the developed PV model are presented in Eqs. (10), (11),
(12), (13), (14) and (15), respectively.

𝐹 =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1

[

𝐼𝑚 − 𝐼𝑒
]2 (9)

The individual absolute error 𝐼𝐴𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡 and 𝐼𝐴𝐸𝑃𝑜𝑤𝑒𝑟 is given in the
Eqs. (10) and (11).

𝐼𝐴𝐸𝐶𝑢𝑟𝑟𝑒𝑛𝑡 =
𝑁
∑

𝑖=1

|

|

𝐼𝑚 − 𝐼𝑒|| (10)

𝐼𝐴𝐸𝑃𝑜𝑤𝑒𝑟 =
𝑁
∑

𝑖=1

|

|

𝑃𝑚 − 𝑃𝑒
|

|

(11)

The Mean Absolute Error (MAE), Relative Error (RE), Mean Bias Error
(MBE), Mean Absolute Percentage Error (MAPE), Normalized RMSE
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(NRMSE), Normalized MBE (NMBE), Normalized MAE (NMAE), and
sum of the squared error (SSE) is given as Eqs. (12), (13), (14) (15),
(16), (17), (18), and (19) respectively.

𝑅𝐸 =
𝐼𝑚 − 𝐼𝑒

𝐼𝑚
(12)

𝑀𝐵𝐸 = 1
𝑁

𝑁
∑

𝑖=1

(

𝐼𝑚 − 𝐼𝑒
)

(13)

𝑀𝐴𝐸 = 1
𝑁

𝑁
∑

𝑖=1

|

|

𝐼𝑚 − 𝐼𝑒|| (14)

𝐴𝑃𝐸 = 1
𝑁

𝑁
∑

𝑖=1

|

|

|

|

𝐼𝑚 − 𝐼𝑒
𝐼𝑚

|

|

|

|

(15)

𝑅𝑀𝑆𝐸 = 𝑅𝑀𝑆𝐸
𝑚𝑒𝑎𝑛

(

𝐼𝑚
) (16)

𝑀𝐵𝐸 = 𝑀𝐵𝐸
𝑚𝑒𝑎𝑛

(

𝐼𝑚
) (17)

𝑀𝐴𝐸 = 𝑀𝐴𝐸
𝑚𝑒𝑎𝑛

(

𝐼𝑚
) (18)

𝑆𝐸 =
𝑁
∑

𝑖=1

(

𝐼𝑚 − 𝐼𝑒
)2 (19)

here, 𝑁 is the sample number, 𝑃𝑚, 𝑃𝑒 are the measured and calculated
ower, respectively. And also 𝐼𝑚, and 𝐼𝑒, measured as well as calculated
urrent, respectively.

. Fundamentals of nature-inspired algorithms

This section demonstrates the fundamentals of the algorithms uti-
ized to propose our new hybrid (HFGD) algorithm. The algorithms that
re used, such as FPA, GWO, and DE, are described as:

.1. Flower pollination algorithm

FPA was proposed in 2012 by X.S. Yang and uses the flower polli-
ation process (Yang, 2012; Yang et al., 2013). FPA follow the 4 rule,
hich are expressed as:

• Biotic/cross-pollination, is considered as global pollination pro-
cess with pollens following Lévy flights

• Self-pollination/abiotic pollination, helps in local pollination.
• Pollinators can develop flower constancy (reproduction probabil-

ity), and is proportional to the similarity index of the two flowers
involved.

• Local and global pollination is regulated by switch probability ∈
[0, 1].

In FPA, a pollen particle’s location is represented by the solution
ector 𝑎𝑖 (rule 1), presented in Eq. (20).
𝑡+1
𝑖 = 𝑎𝑡𝑖 + 𝐿(𝜆)(𝑎𝑡𝑖 − 𝑔∗) (20)

here, pollen (𝑎𝑡𝑖), current best solution (𝑔∗), and pollination strength
L). Since insects sometimes fly over large distances in many distance
teps, we may effectively simulate this behaviour using a Lévy flight.
pecifically, take 𝐿 > 0 from a Lévy distribution is given in Eq. (21).

𝐿(𝜆) ∼
𝜆𝛤 (𝜆) sin(𝜋𝜆∕2)

𝜋
1

𝑠1+𝜆
(𝑠 ≫ 𝑠0 ≫ 0) (21)

Then, both Rule 2 and Rule 3 can be expressed in Eq. (22) to describe
the local pollination.

𝑎𝑡+1𝑖 = 𝑎𝑡𝑖 + 𝜀(𝑎𝑡𝑗 − 𝑎𝑡𝑘) (22)

where standard gamma function (𝛤 (𝜆)), pollen from several flowers of
the same type of plant (𝑎𝑡𝑗𝑎𝑛𝑑𝑎

𝑡
𝑘), uniform distribution (𝜀 = [0, 1]).

Even though pollination takes place both locally and globally, it is
more likely that nearby flowers are pollinated. To simulate this, using
a switch probability (𝑝) with an initial value of 𝑝 = 0.5 is considered.
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3.2. Grey wolf optimization

GWO algorithm is based on the foraging of grey wolves found in
nature. These animals live in groups, and the population in each group
is separated into four categories. The first category is the alpha group,
then followed by beta, delta and Omega wolves occupied the lowest
category. Alpha wolves are also known as dominating wolves because
their orders are followed by the entire group. The following are the
primary stages of grey wolf group hunting: encircling; hunting; and
attacking (Mirjalili et al., 2014b).

3.2.1. Social hierarchy
The grey wolves’ social hierarchy must be simulated when imple-

menting the GWO algorithm. The fittest solution among the whole
population is considered alpha (𝛼) in each iteration, followed by beta
(𝛽), delta (𝛿), and remaining are omega (𝜔). The 𝜔-hunting wolves
follow these 𝛼, 𝛽, and 𝛿 in the GWO algorithm.

3.2.2. Encircling prey
Encircling the prey is the initial stage of the hunting process. To

mathematically describe the encircling behaviour can be expressed in
Eqs. (23), and (24):
→
𝐸 =

|

|

|

|

→
𝐹 .

→
𝑌𝑝 (𝑡) −

→
𝑌 (𝑡)

|

|

|

|

(23)

→
𝑌 (𝑡 + 1) =

→
𝑌 𝑝(𝑡) −

→
𝐵 .

→
𝐸 (24)

where,
→
𝐵 and

→
𝐹 are the coefficient vectors, t is the present iteration,

→
𝑋𝑝 is position vector of prey, and position vector of a grey wolf(

→
𝑋 ).

The
→
𝐵 and

→
𝐹 are presented in the Eqs. (25), and (26).

→
𝐵 = 2

→
𝑎 .

→
𝑟1 −

→
𝑎 (25)

→
𝐹 = 2.

→
𝑟2 (26)

here,
→
𝑎 are linearly decreased [2–0], and random vector (𝑟1, 𝑟2 =

[0, 1])

3.2.3. Hunting
The top three fittest individuals of the grey wolf population, 𝛼, 𝛽,

and 𝛿 are well-versed in the location of prey. Hence the location of the
𝜔 are changed with respect to the 𝛼, 𝛽, and 𝛿. The following Eqs. (27)
to (29) are utilized in this regard.
→
𝐷𝛼 =

|

|

|

|

→
𝐶1.

→
𝑌𝛼 −

→
𝑌
|

|

|

|

;
→
𝐷𝛽 =

|

|

|

|

→
𝐶2.

→
𝑌𝛽 −

→
𝑌
|

|

|

|

;
→
𝐷𝛿 =

|

|

|

|

→
𝐶3.

→
𝑌𝛿 −

→
𝑌
|

|

|

|

(27)

→
𝑌1 =

→
𝑌𝛼 −

→
𝐵1 .(

→
𝐸𝛼 );

→
𝑌2 =

→
𝑌𝛽 −

→
𝐵2 .(

→
𝐸𝛽 );

→
𝑌3 =

→
𝑌𝛿 −

→
𝐵3 .(

→
𝐸𝛿 ) (28)

→
𝑌 (𝑡 + 1) =

→
𝑌1 +

→
𝑌2 +

→
𝑌3

3
(29)

.2.4. Attacking prey
During the hunting process, the value of

→
𝑎 falls from 2 to 0, and so

he value of
→
𝐵 decreases, as seen in Eq. (25). When the value of

→
𝐵 is

etween [−1, 1], the step size given is quite small, and the agent’s next
ocation is very near to the prey’s location. It indicates that wolves in
his region of

→
𝐵 travel in the towards of the prey.
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3.2.5. Search for prey
Grey wolves mainly use the 𝛼, 𝛽, and 𝛿 locations to guide their

search. Grey wolves separate from one another and join to attack the
prey in order to find a new solution (prey), and this is achieved in
the GWO by the utilization of parameter

→
𝐵 . The new location of the

earch agents will be far from the prey if the value of
→
𝐵 is less than or

equal to 1 and produces a large value of step size. Another parameter
→
𝐹 , controls the expl of search agents and prevents stagnation in local
optima by giving the prey random weight, which increases the prey’s
impact on

→
𝐹 > 1 while decreasing the impact of the prey on

→
𝐹 < 1.

Grey wolves population is initialized in the beginning. The top three
ittest individuals (𝛼, 𝛽, and 𝛿) are selected for each iteration to guide
he other wolves to the location of the prey. The value of

→
𝑎 is linearly

educed from 2 to 0 during the hunting process, which results in a
ecrease in the range of

→
𝐵 . When

→
𝐵 < 1 occurs, the search space

s exploited; when
→
𝐵 > 1 occurs, the algorithm’s expl is enhanced.

.3. Differential evolution

DE algorithm is based on Darwin’s theory of evolution (Storn,
995). The fundamental DE algorithmic framework is divided into four
teps (Ahmad et al., 2022; Pant et al., 2020):

.3.1. Initialization
During the phase of initialization, a set of populations with a

niform distribution is generated in the following Eq. (30):
𝐺
𝑗 = 𝑌𝑙𝑏 + (𝑌𝑢𝑏 − 𝑌𝑙𝑏) ∗ 𝑟𝑎𝑛𝑑(0, 1) (30)

where, upper and lower boundary (𝑌𝑢𝑏, 𝑎𝑛𝑑𝑌𝑙𝑏), and random number
(𝑟𝑎𝑛𝑑 = (0, 1))

3.3.2. Mutation
During the process of mutation, a mutant vector 𝑊 𝐺

𝑗 is produced
for each target vector 𝑌 𝐺

𝑟1 at generation G, can be expressed in Eq. (31)
.

𝑊 𝐺
𝑗 = 𝑌 𝐺

𝑟1 +𝐻 ∗ (𝑌 𝐺
𝑟2 − 𝑌 𝐺

𝑟3 ) (31)

where scaling factor (𝐹 = [1,0]), mutually different, randomly chosen
vectors (𝑟1, 𝑟2, 𝑟3 ∈ 1,2, . . . .NP)

3.3.3. Crossover
After mutation, a crossover is performed in order to generate the

trial vector, which is represented in the following Eq. (32).

𝑇𝐺
𝑗 =

{

𝑡𝐺1,𝑗 , 𝑡
𝐺
2,𝑗 , 𝑡

𝐺
3,𝑗 ............., 𝑡

𝐺
𝐷,𝑗

}

(32)

The process of crossover is carried out and is given by Eq. (33).

𝑌 𝐺
𝑗 =

{

𝑦𝐺1,𝑗 , 𝑦
𝐺
2,𝑗 , 𝑦

𝐺
3,𝑗 ,… ........, 𝑦𝐺𝐷,𝑗

}

(33)

The mutant vector 𝑊 𝐺
𝑗 using a crossover probability 𝐶𝑟 whose value is

between 01. 𝑇𝐺
𝑗 is given in Eq. (34).

𝑡𝐺𝑖,𝑗 =

{

𝑤𝐺
𝑖,𝑗 𝑖𝑓𝑟𝑎𝑛𝑑𝑗 ≤ 𝐶𝑟

𝑦𝐺𝑖,𝑗 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(34)

where, i ∈ 1,2,3.....,D

3.3.4. Selection
After formulating the solutions, the best solution from the previous

and the current iteration is selected. The following is a mathematical
representation of the procedure that DE uses to select candidates is
presented in Eq. (35):

𝑌 𝐺+1
𝑗 =

{

𝑇𝐺
𝑗 , 𝑖𝑓 , 𝑓 (𝑇𝐺

𝑗 ) ≤ 𝑓 (𝑌 𝐺
𝑗 )

𝐺
(35)
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𝑌𝑗 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
4. The proposed HFGD algorithm

FPA has already established its significance over various domain
research problems. This algorithm has good expl and expt properties but
for a highly complex optimization problem, it becomes really very chal-
lenging to solve problems using basic FPA. Also, the algorithm has poor
expl, and also lacks a proper balance between the global search and the
local search. The algorithm also is computationally expensive, and new
modifications must be added to make it best fit for all optimization
problems. Keeping these points in mind, a hybrid algorithm based
on three algorithms is proposed. The three algorithms used include
FPA (Yang, 2012), GWO (Mirjalili et al., 2014b) and DE (Storn, 1995)
and is named as Hybrid Flower Grey Differential (HFGD) algorithm.
New concepts of division of generation, and adaptive parametric set-
tings are also introduced to propose the new algorithm. Changes have
been incorporated in the local and global search phase to improve
the expl and expt properties. Apart from that, population adaptation
is added to decrease the total function evaluations and improve the
computational complexity. Adaptive parametric settings are also added
to make the algorithm self-adaptive and self-sufficient in operation.

4.1. Why each modification is added

This proposal adds four new modifications to the basic structure of
FPA. The need for these modifications is discussed in this subsection.
The basic modifications added include iterative division, the introduc-
tion of bare-bones mechanism, adaptive parameters, and population
adaptation. The first and foremost modification is the adaption of
division of generations. By iterative division, we mean that, multiple
sets of generations are used for both global and local search operation.
We use two different set of generations, and each set use a different
equation for evaluating new solutions. The process is employed such
that for the first iterative half, higher expl and lesser expt is followed,
whereas for the other iterative half, equations that help in higher expt
nd lower expl is employed. During the first half of iterations, the
lobal search is controlled by using FPA based equations, which help
he algorithm in expl potential areas of the search space. Local search
uring this half is controlled by using a sinusoidal frequency component
n the local search equations of FPA, and is meant for providing
ntensive exploitation. In the second half of the iterations, the expl
hould decrease and expt must increase. GWO based equations have
een found to provide such properties (Salgotra et al., 2020b). Here
e are using a modified equation based on the GWO characteristics

or the global search phase. For the local search phase in the second
terative half, DE based equations are added. These equations are meant
o provide extensive exploitative tendencies, which are achieved by
sing this equation in combination with simulated annealing based
utation operators (Salgotra et al., 2021b).

The second modification is the addition of a bare-bones mechanism.
his mechanism is not new and has been exploited in recent times in
ome of the major algorithms including DE, PSO and others. By adding
bare-bones mechanism, we find that the working properties of the

lgorithm improve significantly. This component has enhanced initial
xpl due to larger step sizes, whereas with the progression of iterations,
he standard deviation approaches zero, resulting in increased expt
owards the end. Thus helping in expl as well as expt simultaneously,

and further reducing local optima stagnation.
Overall, there are two parameters in the proposed algorithm, known

as switch probability (𝑝𝑎), which helps in switching from expl to expt
and vice versa. Most of the algorithms perform well on unimodal and
multimodal functions, but as the complexity of the problem increases,
the total number of local minima also increase many folds and this
can be achieved by designing a balanced expl and expt phase. Hence,
there is a requirement of better set of parameters. A normal 𝑝𝑎 is
alculated in the range of [0, 1], but significant studies have shown
that adaptive switching provides better results. A larger value of 𝑝𝑎
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implies better expl, whereas smaller values correspond to more expt.
A value of 𝑝𝑎 = 1 means 100% expl and 𝑝𝑎 = 0 means 100% expt.
Thus, a gradual shift from 1 to 0 will make the algorithm move from
expl to expt over subsequent iterations. For a gradual decrease, we
use simulated annealing-based parameter adaptation. This parametric
distribution makes the algorithm follow extensive expl during the initial
stages and intensive expt in the end, hence helping in a balanced
approach.

All the algorithms use a predefined set of initial parameters, and
population size is one among those. Higher population sizes are re-
quired for more expl, whereas lower population sizes help in better
expt. In order to achieve this, population adaption is an important char-
acteristic followed recently in evolutionary algorithms. A constantly
reducing population size helps to exploit this property and hence aims
at achieving better solution quality. We use a proportional population
size reduction mechanism to adaptively reduce the population size over
subsequent iterations. This helps the algorithm in reducing the total
number of function evaluations. More details about the proposal are
presented below.

4.2. The proposal

The proposed algorithm follows the basic structure of initializa-
tion, global search phase, local search phase and finally the selection
operation. The new algorithm also follows division of generations to
make the algorithm more efficient in terms of expl and expt. Detailed
modifications and the reason for the addition of these modifications are
presented below.

Initialization: A general initialization phase follows a random pop-
ulation of 𝑁 , distributed randomly with in lower bounds 𝑁𝑚𝑖𝑛,𝑗 and
upper bounds 𝑁𝑚𝑎𝑥,𝑗 , for a certain variable size of 𝐷, and is given
by Eq. (36):

𝑁𝑖,𝑗 = 𝑁𝑚𝑖𝑛,𝑗 + 𝑅(0, 1) × (𝑁𝑚𝑖𝑛,𝑗 −𝑁𝑚𝑎𝑥,𝑗 ) (36)

where 𝑖 𝜖 [1, 2,… , 𝑁], 𝑗 𝜖 [1, 2,… , 𝐷], 𝑁𝑖,𝑗 is the solution for 𝑗th 𝐷,
𝑅(0, 1) ∈ [0, 1]. The next step is the global and local search phase, which
in the current scenario is divided into two set of generations.

Phase I: for generation ≤ 𝑚𝑎𝑥𝑖𝑚𝑢𝑚𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠∕2 During the first
alf of generations, the global search phase is followed by the basic
quations of flower pollination algorithm with the addition of modi-
ied bare-bones generalization inspired by self-adaptive cuckoo search
lgorithms (Salgotra et al., 2021a). The basic equations are given
n Eqs. (37) and (38).
𝑡+1
𝑖 = 𝑝𝑡𝑖 + 𝛼 ⊗ 𝐿(𝜆)(𝑝𝑏𝑒𝑠𝑡 − 𝑝𝑡𝑖) (37)

𝐿(𝜆) ∼
𝜆𝛤 (𝜆) sin(𝜋𝜆∕2)

𝜋
1

𝑠1+𝜆
(𝑠 ≫ 𝑠0 ≫ 0) (38)

The Eqs. (39) inspired by barebones is given as:

𝑔𝑝𝑖,𝐷 = 𝑅𝑤 × 𝑝𝑡+1𝑛𝑒𝑤 + (1 − 𝑅𝑤) × 𝑏𝑝𝑖,𝐷 (39)

for 𝑏𝑝𝑖,𝐷 = 𝑁(
𝑝𝑡𝑗,𝐷+𝑝𝑡𝑘,𝐷

2 , |𝑠𝑡𝑗,𝐷 − 𝑝𝑡𝑘,𝐷|) where 𝑔𝑝𝑖,𝐷 is the new solution
generated in global search, 𝐷 and 𝑅𝑤 ∈ [0, 1] is a random weight
coefficient; 𝑥𝑏𝑒𝑠𝑡 is the best, 𝑝𝑡𝑗 and 𝑝𝑡𝑘 are two random solutions in the
th iteration respectively. The concept of barebones is a cooperative
earch mechanism and is added for diversity in the solution quality.
he mechanism has already been used in some recently proposed
lgorithms, and it improves the overall expl during the global search
hase. During the initial stages, this mechanism generates large step
izes and starts moving towards the global minima towards the later
tages. This makes the HFGD algorithm follow both expl and expt
imultaneously.

The next phase is the local search, and the general equations in this
hase is given in Eq. (40)
𝑡+1 = 𝑝𝑡 + 𝛼 ×𝐻(𝑝 − 𝜖) × (𝑝𝑡 − 𝑝𝑡 ) (40)
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𝑖 𝑖 𝑎 𝑗 𝑘
where 𝑝𝑡𝑖 is the previous solution, 𝜖 ∈ [0, 1], 𝑝𝑎 is the probability to
control expl versus the expt. The 𝜖 parameter is modified using a 𝑓𝑟𝑒𝑞
sinusoidal function of fixed frequency and is presented in Eq. (41).

𝐹 𝑡+1
𝑖 = 1

2
× (𝑠𝑖𝑛(2𝜋 × 𝑓𝑟𝑒𝑞 × 𝑡 + 𝜋) ×

𝑡𝑚𝑎𝑥−𝑡
𝑡𝑚𝑎𝑥

+ 1); 𝑖𝑓 𝑟1 > 0.5 (41)

𝐹 𝑡+1
𝑖 = 1

2
× (𝑠𝑖𝑛(2𝜋 × 𝑓𝑟𝑒𝑞 × 𝑡) ×

𝑡𝑚𝑎𝑥−𝑡
𝑡𝑚𝑎𝑥

+ 1); 𝑖𝑓 𝑟1 < 0.5 (42)

Here 𝑡 and 𝑡𝑚𝑎𝑥 respectively denote the current and maximum
iterations. Note that this phase is meant to improve the expl operation
and hence less effort are paid to improve the expt operation.

Phase II: for generation ≥ 𝑚𝑎𝑥𝑖𝑚𝑢𝑚𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠∕2: During the second
half of generations, expt operation is made more prevalent by adding
GWO-inspired modifications. These equations are inspired by the self-
adaptive multi-hybrid algorithm (MHA) (Salgotra et al., 2021b). The
generalized equations are given in Eq. (43)

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑤1 = 𝑝𝑖 −𝑀1(𝑅1.𝑝𝑛𝑒𝑤 − 𝑝𝑡𝑖);
𝑤2 = 𝑝𝑖 −𝑀2(𝑅2.𝑝𝑛𝑒𝑤 − 𝑝𝑡𝑖);
𝑤3 = 𝑝𝑖 −𝑀3(𝑅3.𝑝𝑛𝑒𝑤 − 𝑝𝑡𝑖);
𝑝𝑡+1𝑖 = 𝑤1+𝑤2+𝑤3

3

(43)

Here 𝑝𝑛𝑒𝑤 is the new solution and 𝑀1, 𝑀2, 𝑀3 and 𝑅1, 𝑅2, 𝑅3 corre-
sponds to 𝑀 and 𝑅 respectively. The variables 𝑀 and 𝑄 are defined
in Eq. (44)
{

𝑀 = 2𝑎.𝑟1 − 𝑎;
𝑅 = 2.𝑟2

(44)

here 𝑎 is linearly decreasing from [2, 0] iteratively, 𝑟1 and 𝑟2 are
∈ [0, 1]. The priority is to find solutions close to the search agents and
hence contribute towards the local search operation. This is followed
to exploit potentially towards the end.

Local search during this phase is governed by using equations of the
E algorithm. These equations are meant for extensive expt operation

and the generalized equation is given in Eq. (45).

𝑝𝑡+1𝑖 = (1 − 𝜆)𝑝𝑡𝑖 + 𝜆(𝑝𝑏𝑒𝑠𝑡 − 𝑝𝑡𝑖) (45)

where 𝑝𝑡𝑖 and 𝑝𝑡+1𝑖 defines the 𝑖th solution for current 𝑡𝑡ℎ and 𝜆 is
the scaling factor. In the current case, 𝜆 is inspired from simulated
annealing mutation operator (Salgotra et al., 2021b) and is given
in Eq. (46).

𝜆 = 𝛾𝑚𝑖𝑛 + (𝛾𝑚𝑎𝑥 − 𝛾𝑚𝑖𝑛) × 𝑏(𝑘−1) (46)

where 𝛾𝑚𝑖𝑛=0.5, 𝛾𝑚𝑎𝑥=0.9, 𝑘 𝜖 [0,1] and value of 𝑏 is set to 0.95.
Selection Operation The next step is meant for selecting a current

best solution in comparison to the previous best solution. A generalized
selection operation is given in Eq. (47).

𝑝𝑡+1𝑛𝑒𝑤 =

{

𝑝𝑛𝑒𝑤 𝑖𝑓𝑓 (𝑝𝑛𝑒𝑤) < 𝑓 (𝑝𝑡𝑖)
𝑝𝑡𝑖 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(47)

where 𝑝𝑛𝑒𝑤 is the new solution found after selection.
Population adaptation is followed with a larger population size for

enhanced expl and reducing it to a lower population size for expt. A
major thing to keep in mind is the best solution must not be lost in the
process for effective operation. Various different population adaptation
policies have been exploited in the literature (Salgotra et al., 2020a)
but it has been found that one of the best strategies is the shrinking
adaptation. Here, better genetic drift is found using smaller population
sizes, and the best solution is kept as such. This strategy is significantly
important if there is only a small variation in solution quality, and in
such a case using a smaller population size is economical. The general
equation is given in Eq. (48).

𝑄𝑡+1 =

⎧

⎪

⎨

⎪

(1 − 𝛥𝑔𝑏𝑒𝑠𝑡𝑡 )𝑄𝑡, 𝑖𝑓𝛥𝑔𝑏𝑒𝑠𝑡𝑡 ≤ 𝛥𝑓 𝑏𝑒𝑠𝑡
𝑚𝑎𝑥

(1 − 𝛥𝑓 𝑏𝑒𝑠𝑡
𝑚𝑎𝑥 )𝑄𝑡, 𝑖𝑓𝛥𝑔𝑏𝑒𝑠𝑡𝑡 > 𝛥𝑓 𝑏𝑒𝑠𝑡

𝑚𝑎𝑥 (48)
⎩

𝑚𝑖𝑛𝑁 , 𝑖𝑓𝑄𝑡+1 < 𝑚𝑖𝑛𝑁
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𝑄𝑡+1 is the population size at 𝑡𝑡ℎ generation 𝑡, 𝛥𝑔𝑏𝑒𝑠𝑡𝑡 is given by
(
𝑓 𝑏𝑒𝑠𝑡
𝑡−1 −𝑓 𝑏𝑒𝑠𝑡

𝑡−2
|𝑓 𝑏𝑒𝑠𝑡

𝑡−2 |

) is the change in the best fitness, 𝛥𝑓 𝑏𝑒𝑠𝑡
𝑚𝑎𝑥 is the threshold value.

Apart from that, the computation complexity of an algorithm is
irectly given by: ‘‘population size multiplied by the total number of
terations’’. For a fixed number of iteration, if the population size is
ery high, computational complexity will increase many folds. Whereas
hen the population size keeps on reducing over subsequent iterations,

he total number of function evaluation will automatically reduce and
ence the computation burden will be less low. Thus, a reducing
opulation adaptation helps in reducing the Computational burden
ubstantially.

The pseudocode for the proposed HFGD algorithm is given in 1.

Algorithm 1 Pseudocode of HFGD algorithm
1: Begin
2: Define: population size (N);
3: stopping criteria; problem dimension (D)
4: if i= 1: maximum generations

2 then
5: global search using Eqn. (37)
6: local search using Eqn. (40)
7: evaluate fitness
8: perform greedy selection using Eqn. (47)
9: Update population size using Eqn. (48)

10: else
11: global search using Eqn. (45)
12: local search using Eqn. (43)
13: evaluate fitness
14: perform greedy selection using Eqn. (47)
15: Update population size using Eqn. (48)
16: close;
17: update final best
18: End

5. Experimental results

Here, the effectiveness of the HFGD algorithm is validated by us-
ing well known benchmark numerical test problems (CEC 2019) and
extracting the optimal PV parameters. In this paper, first, the effec-
tiveness and robustness of the HFGD is tested with the benchmark
numerical test problems (CEC 2019) and compared with serval MH
optimization algorithms. Then the HFGD algorithm is tested for four
classical PV parameters estimation challenges (SDM, DDM, Amorphous
Silicon aSi:H, and PVM 752 GaAs Thin-Film), and the outcomes of
the HFGD algorithm are compared with other MH algorithms. The
outcomes shows that the proposed HFGD algorithm can effectively
handle the challenges mentioned above and outperform the rest of the
MH algorithms. The proposed HFGD algorithm and other comparative
MH algorithms are implemented in this research using the MATLAB
R2022b software on a Windows 11 operating system, 64-bit operating
system, x64-based Intel(R) CPU, i5 12500H (2.50 GHz) processor, and
16 GB of RAM.

5.1. Benchmark numerical test problems (CEC 2019)

This section gives statistical results of the proposed HFGD and
its comparison with jDE100 (Brest et al., 2019), FPA (Yang, 2012),
YDSE (Abdel-Basset et al., 2023) and others, using most complex 100-
digit problem (CEC 2019) numerical challenges. Table 2 compares the
performance of the proposed HFGD algorithm to that of well-known
algorithms such as DE (Storn and Price, 1997), jDE100 (Brest et al.,
2019), FPA (Yang, 2012), GWO (Mirjalili et al., 2014a), PSO (Wu et al.,
2022), EWOA (Reddy and Saha, 2022) and YDSE (Abdel-Basset et al.,
2023). Table 1 tabulated the parametric setting of all compared MH
4453

algorithms on the Benchmark numerical test problems (CEC 2019). a
All parameters for the algorithms under test are kept the same, and
the simulated results are reported in terms of the mean and standard
deviation for 51 simulations of each algorithm with 500 iterations and
a population size of 50.

Table 2’s results demonstrate that EWOA can outperform other
algorithms while solving 𝑛𝑝1, and 𝑛𝑝6, and 𝑛𝑝1 challenge, but HFGD
algorithm is proven to be superior to the alternatives. According to
the simulation results shown in Table 2, HFGD algorithm outperforms
competing algorithms for solving numerical problems 𝑛𝑝2, 𝑛𝑝4, 𝑛𝑝5, 𝑛𝑝7,
𝑝9 and 𝑛𝑝10 in terms of the mean value. For challenge 𝑛𝑝3, EWOA,
nd HFGD algorithms shows best outcomes as compared to the other
H algorithms. Finally, the working efficiency of the GWO is best for

hallenge 𝑛𝑝8. Thus, the HFGD algorithm is effective for eight out of
en numerical test problems, whereas jDE100, and GWO are effective
or one problem.

In addition, the Friedman (f-rank) test and rank-sum (p-rank) test
re used to assess HFGD algorithm efficiency. First, the analysis is
erformed in terms of win(w), loss (l), and tie (t) to calculate p-
ank. Initially, when the comparative optimization approach surpasses
he HFGD algorithm, the circumstance is represented with a ‘‘+’’ and
eferred to as a ‘‘win(w)’’ situation. The ‘‘−’’ symbol is used because the
erformance of the test method in the loss (l) scenario is inferior to that
f the HFGD algorithm. In the event of a tie (t), the ‘‘=’’ signifies that
he competing algorithms are equally capable. As illustrated in the third
ow of each numerical problem, the recommended optimization strat-
gy, HFGD algorithm, outperforms in the majority of situations.jDE100,
PA, and YDSE win the proposed HFGD algorithm for one challenge
𝑛𝑝1). And also, GWO win the proposed HFGD algorithm for two
hallenge (𝑛𝑝1, and 𝑛𝑝8). Second, the f-rank test assigns a unique f-
ank to each algorithm under consideration. Based on the second last
nd last row of Table 2, the F-rank is computed, and it is determined
hat the proposed HFGD algorithm has got 𝐼st rank. In addition to
tatistical results, the convergence profiles of YDSE, GWO, and DE, and
he proposed HFGD algorithm are presented for 5 numerical problems
𝑛𝑝2, 𝑛𝑝5, 𝑛𝑝6, 𝑛𝑝8, as well as 𝑛𝑝10) in Fig. 4. According to the plot,

the HFGD algorithm converges faster than YDSE, GWO, and DE for
all numerical problems (𝑛𝑝2, 𝑛𝑝5, 𝑛𝑝6, and 𝑛𝑝10) considered. The HFGD
algorithm consistently has a greater convergence rate than YDSE, GWO,
and DE algorithms.

5.2. Results and discussion on the PV

To further validate the optimization capability, the HFGD algorithm
are utilized to calculate the optimal parameter of SDM, DDM, Amor-
phous Silicon aSi:H, and PVM 752 GaAs Thin-Film solar PV modules/
cells. The main aim is to estimate the five parameters (𝑅𝑠, 𝑁 , 𝐼𝑠𝑐 , 𝑅𝑠ℎ𝑢,
and 𝐼𝑃ℎ) of the SDM, Amorphous Silicon aSi:H, and PVM 752 GaAs
Thin-Film and seven parameters (𝑅𝑠, 𝑁1 and 𝑁2, 𝐼𝑠𝑐1, 𝐼𝑠𝑐2, 𝑅𝑠ℎ𝑢, and
𝑃ℎ) for DDM. The obtained simulation findings using the proposed
FGD algorithm are compared to the most recently published MH
lgorithms reported in the literature. Furthermore, statistical analysis
s performed by evaluating 𝐼𝐴𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡, 𝐼𝐴𝐸𝑝𝑜𝑤𝑒𝑟, RE, MBE, MAE, and
APE values to determine the quality of the curve fit between HFGD

arameters and the experimental data. The 𝐼𝐴𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡, 𝐼𝐴𝐸𝑝𝑜𝑤𝑒𝑟, RE,
BE, MAE, and MAPE values are calculated by using the above-
entioned Eqs. (10), (11) (12), (13), (14) and (15), respectively.
lso, the Friedman and Wilcoxon tests are carried out to validate the
obustness and accuracy of the proposed HFGD algorithm.

The proposed HFGD algorithm are implemented in this research us-
ng the MATLAB R2022b software on a Windows 11 operating system,
4-bit operating system, x64-based Intel(R) CPU, i5 12500H (2.50 GHz)
rocessor, and 16 GB of RAM. The simulation studies utilized a popu-
ation size of 70 and 30 run for HFGD algorithm. The upper (UB) and
ower boundary (LB) limits are tabulated in Table 3 and are the same

s reported in other literatures (Li et al., 2019a; Ali et al., 2023).
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Table 1
Parametric details of different algorithms for CEC 2019.

Algorithm Parameters

FPA (Yang, 2012) 𝜆=1.5; 𝜀 = [0,1], 𝑝 = 0.5
GWO (Mirjalili et al., 2014a) �⃗� = Linearly decreasing [2,0]
JDE 100 (Brest et al., 2019) 𝜏1 = 0.1; 𝜏2 = 0.1, 𝐶𝑅𝑖𝑛𝑖𝑡 = 0.5; 𝐹𝑖𝑛𝑖𝑡 = 0.5; 𝐶𝑅𝑢 = 1.1; 𝐹𝑢 = 1.1, 𝐶𝑅𝑙 = [0.1, 1.0]
YDSE (Abdel-Basset et al., 2023) 𝜆 = 5𝑋10−06; 𝑑 = 5𝑋10−03; 𝐼 = 0.01
DE (Abd Elaziz et al., 2020) 𝐹 = 0.5; 𝐶𝑅 = 0.9
HFGD 𝑏 = 0.95; 𝛼 = Linearly decreasing [2,0]; 𝑟1, 𝑟2 = [0,1]; 𝛾𝑚𝑖𝑛 = 0.5; 𝛾𝑚𝑎𝑥 = 0.9,
Table 2
100-digit challenge for numerical (CEC 2019) problems.

Problem HFGD DE
(Storn and Price,
1997)

jDE100
(Brest et al., 2019)

FPA
(Yang, 2012)

YDSE
(Abdel-Basset et al.,
2023)

GWO
(Mirjalili et al.,
2014a)

PSO
(Wu et al., 2022)

EWOA
(Reddy and Saha,
2022)

𝑛𝑝1

Mean 1.000E+10 5.864E+11 1.590E+05 5.41E+08 1.836E+06 1.146E+08 2.2371E+10 6.794E+04
Std 0.000E+00 8.359E+11 1.597E+05 2.939E+08 9.262E+05 2.387E+08 1.7275E+10 1.252E+04
p-rank − + + + + − +
f-rank 6 8 2 5 1 4 7 1

𝑛𝑝2

Mean 1.734E+01 6.844E+01 2.163E+01 2.385E+06 1.735E+01 1.749E+01 2.7232E+01 1.736E+01
Std 1.041E−04 1.418E+02 2.719E+04 2.6141E+00 4.300E−03 2.231E−04 5.3829E+01 4.2862E−02
p-rank − − − − − − −
f-rank 1 7 6 8 2 4 5 3

𝑛𝑝3

Mean 1.270E+01 1.270E+01 1.310E+06 1.270E+01 1.270E+01 1.270E+01 1.270E+01 1.270E+01
Std 2.208E−14 1.900E−03 8.519E+05 9.0311E−08 3.494E−05 2.139E−07 7.5574E−04 0.000E+00
p-rank − − − − − − +
f-rank 2 7 8 3 5 4 6 1

𝑛𝑝4

Mean 3.898E+01 1.539E+03 3.475E+05 1.343E+02 5.389E+01 9.2957E+01 1.2030E+03 1.559E+02
Std 6.937E+00 2.433E+03 1.149E+05 2.805E+01 1.037E+01 2.190E+02 6.6790E+02 6.482E+01
p-rank − − − − − −
f-rank 1 7 8 4 2 3 6 5

𝑛𝑝5

Mean 1.1513E+00 2.116E+00 1.673E+05 1.6368E+00 2.170E+00 1.408E+00 1.6473E+00 8.132E+00
Std 3.263E−04 2.850E−01 8.426E+04 8.526E−02 6.468E−01 2.576E−01 4.3138E−01 0.000E+00
p-rank − − − − − − −
f-rank 1 5 8 3 6 2 4 7

𝑛𝑝6

Mean 9.716E+00 9.901E+00 3.841E+04 1.049E+01 1.007E+01 1.081E+01 8.5524E+00 7.924E+00
Std 7.416E−01 1.474E+00 2.063E+03 6.747E−01 6.818E−01 6.673E−01 1.1533E+00 1.286E+00
p-rank − − − − − + +
f-rank 3 4 8 7 5 6 2 1

𝑛𝑝7

Mean 6.315E+01 1.282E+03 9.105E+06 2.662E+02 2.658E+02 3.474E+02 3.2512E+02 2.097E+03
Std 5.941E+01 4.224E+02 4.38E+08 1.025E+02 1.193E+02 2.886E+02 2.8856E+02 0.000E+00
p-rank − − − − − − −
f-rank 1 6 8 4 5 3 2 7

𝑛𝑝8

Mean 5.322E+00 6.982E+00 1.219E+09 5.836E+00 6.007E+00 4.699E+00 5.4877E+00 7.879E+00
Std 3.845E−01 2.255E−01 4.388E+08 2.7187E−01 3.456E−01 1.219E+00 6.8809E−01 0.000E+00
p-rank − − − − + − −
f-rank 2 6 8 4 5 1 3 7

𝑛𝑝9

Mean 2.680E+00 2.788E+02 9.207E+08 4.947E+00 6.172E+01 4.250E+00 3.4069E+01 4.710E+03
Std 1.379E−01 3.122E+02 1.131E+08 4.190E−01 1.523E+02 9.427E−01 4.0954E+01 0.000E+00
p-rank − − − − − − −
f-rank 1 6 8 3 5 2 4 7

𝑛𝑝10

Mean 1.994E+01 2.042E+01 1.541E+06 2.039E+01 2.039E+01 2.0434E+01 2.0041E+01 2.090E+01
Std 2.440E+00 1.295E−01 7.460E+05 7.951E−02 1.034E−01 1.025E−01 5.4341E−02 1.631E−03
p-rank − − − − − − −
f-rank 1 6 8 3 4 5 2 7

w/l/t NA 0/10/0 1/9/0 1/9/0 1/9/0 2/8/0 1/9/0 3/7/0

Average f-rank 1.90 6.20 7.20 4.40 4.00 3.40 4.10 4.60

Overall f-rank 1 7 8 5 3 2 4 6
Table 3
Parameters limits for SDM, DDM, Amorphous Silicon aSi:H, and PVM 752 GaAs Thin-Film.

Parameters SDM DDM Amorphous Silicon aSi:H PVM 752 GaAs

LB UB LB UB LB UB LB UB

N/N1, N2 1 2 1 2 1 5 1 2
𝑅𝑠ℎ𝑢𝑛𝑡 𝑜𝑟 𝑅𝑠ℎ (𝛺) 0 100 0 100 0 1000 0 1000
𝑅𝑠 (𝛺) 0 0.5 0 0.5 0 0.5 0 1
𝐼𝑠𝑐1 ∕ 𝐼𝑠𝑐2 𝑜𝑟 𝐼𝑜1∕𝐼𝑜2 (𝜇𝐴) 0 1 0 1 0 10 0 1
𝐼𝑃ℎ (𝐴) 0 1 0 1 0 0.1 0 1
5.2.1. Parameter extraction of RTC. France solar cell (SDM)
The RTC France solar PV cell data-sheet is extracted from (Düzenli

et al., 2022), which is extensively mentioned in published papers of
literature. For the SDM, the IAE and RE between the measured as
well as estimated data are tabulated in Table 4. And also, Table 4
presents the 𝐼𝐴𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡, 𝐼𝐴𝐸𝑝𝑜𝑤𝑒𝑟, MAE, MBE, SSE, RMSE, MAPE, MBE,

MAE, NMBE, NRMSE, and Im values. The 𝐼𝐴𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡 and 𝐼𝐴𝐸𝑝𝑜𝑤𝑒𝑟
alues are 0.017632 and 0.006481. Table 5 shows the comparison
utcomes, including IAE, RMSE (minimum (min), mean and standard
eviation (Std.)), and five unknown parameters (𝑅𝑠, 𝑁 , 𝐼𝑠𝑐 , 𝑅𝑠ℎ𝑢,
nd 𝐼𝑃ℎ) values. The algorithms with the lowest RMSE values are
isplayed in boldface. The HFGD algorithm offers the least RMSE value
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(7.72E−04), which can validate the accuracy of the HFGD algorithm.
To further demonstrate the quality of the obtained outcomes, the best
HFGD algorithm parameters are utilized to reconstruct the I–V and P–
V curves seen in Figs. 5(a) and 5(b). As seen in Figs. 5(a) and 5(b),
the computed outcomes by HFGD algorithm are in excellent agreement
with the available data over the entire voltage range.

5.2.2. Parameter extraction of RTC. France solar cell (double diode model)
The HFGD algorithm is employed to extract the solar PV character-

istics for a DDM of 57 mm diameter commercial (RTC France) silicon
solar cells under specific conditions, namely a temperature of 33 ◦C
and an irradiation of 1000 W∕m2. The data sheet for the RTC France
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Fig. 4. Convergence profiles of YDSE, DE, HFGD and GWO for numerical (CEC 2019) problems.
solar PV cell, which has been widely utilized in relevant literature,
has been obtained from Düzenli et al. (2022). For the DDM, Table 6
presents the 𝐼𝐴𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡, 𝐼𝐴𝐸𝑝𝑜𝑤𝑒𝑟, SSE, RMSE, MAPE, MBE, NMAE,
NMBE, NRMSE, Im, and RE values. The best 𝐼𝐴𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡, and 𝐼𝐴𝐸𝑝𝑜𝑤𝑒𝑟,
values are 0.017067785 and 0.006445256. Table 7 shows the compar-
ison outcomes, including IAE, RMSE, and seven unknown parameters
(𝐼𝑃ℎ, 𝐼𝑠𝑐1, 𝐼𝑠𝑐2 𝑅𝑠ℎ𝑢, 𝑅𝑠, 𝑁1 and 𝑁2). The HFGD algorithm clearly
provides the lowest RMSE value (7.48E−04), which can validate the
accuracy. The algorithms with the lowest RMSE values are displayed
in boldface. The I–V and P–V curves of the simulated data obtained
by HFGD optimization technique are remarkably compatible with the
experimental data, as shown in Figs. 6(a) and 6(b).

5.2.3. Parameter extraction of Amorphous Silicon aSi:H
The HFGD algorithm is utilized to extract the solar PV charac-

teristics for a Amorphous Silicon aSi:H of 1 cm2 area under specific
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conditions, namely a temperature of 25 ◦C and an irradiation of 1000
W∕m2, including a total of 46 I–V measured data. The data sheet for the
Amorphous Silicon aSi:H solar PV cell, which has been widely utilized
in relevant literature, has been obtained from Cotfas et al. (2021). The
best 𝐼𝐴𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡, as well as 𝐼𝐴𝐸𝑝𝑜𝑤𝑒𝑟, SSE, RMSE, MAPE, MBE, NMAE,
NMBE, NRMSE, and Im of Amorphous Silicon aSi:H, are tabulated
in Table 8. The best 𝐼𝐴𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡, and 𝐼𝐴𝐸𝑝𝑜𝑤𝑒𝑟, values are 0.001812
and 0.000818. The outcomes of the HFGD algorithm are compared
with the recent MH algorithm. The HFGD algorithm gives the best
objective function value (RMSE) is 4.61E−05. The optimal parameters
as well as 𝐼𝐴𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡, mean, min and std value of the objective function
are presented in Table 9. The robustness and accuracy of the HFGD
algorithm are reflected by well-known I–V, and P–V curves of the PV
module are presented in Figs. 7(a) and 7(b).
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Table 4
The HFGD outcomes of Ie, IAE, MAE, MBE, MAPE, SSE, NMAE, NMBE, NRMSE, and RE for the RTC SDM.

S.No Ie Im IAE V Pe Pm IAE RE

1 0.764149 0.764 0.000149 −0.2057 −0.15719 −0.15715 3.07E−05 −0.0002
2 0.762702 0.762 0.000702 −0.1291 −0.09846 −0.09837 9.06E−05 −0.00092
3 0.761374 0.7605 0.000874 −0.0588 −0.04477 −0.04472 5.14E−05 −0.00115
4 0.760155 0.7605 0.000345 0.0057 0.004333 0.004335 1.97E−06 0.000454
5 0.759039 0.76 0.000961 0.0646 0.049034 0.049096 6.21E−05 0.001264
6 0.758011 0.759 0.000989 0.1185 0.089824 0.089942 0.000117 0.001303
7 0.757046 0.757 4.57E−05 0.1678 0.127032 0.127025 7.67E−06 −6E−05
8 0.756085 0.757 0.000915 0.2132 0.161197 0.161392 0.000195 0.001209
9 0.755022 0.7555 0.000478 0.2545 0.192153 0.192275 0.000122 0.000632
10 0.753597 0.754 0.000403 0.2924 0.220352 0.22047 0.000118 0.000534
11 0.751327 0.7505 0.000827 0.3269 0.245609 0.245338 0.00027 −0.0011
12 0.747305 0.7465 0.000805 0.3585 0.267909 0.26762 0.000289 −0.00108
13 0.740085 0.7385 0.001585 0.3873 0.286635 0.286021 0.000614 −0.00215
14 0.727426 0.728 0.000574 0.4137 0.300936 0.301174 0.000237 0.000788
15 0.707026 0.7065 0.000526 0.4373 0.309182 0.308952 0.00023 −0.00074
16 0.6754 0.6755 9.97E−05 0.459 0.310009 0.310055 4.58E−05 0.000148
17 0.630998 0.632 0.001002 0.4784 0.30187 0.302349 0.000479 0.001585
18 0.572175 0.573 0.000825 0.496 0.283799 0.284208 0.000409 0.00144
19 0.499539 0.499 0.000539 0.5119 0.255714 0.255438 0.000276 −0.00108
20 0.413485 0.413 0.000485 0.5265 0.2177 0.217445 0.000255 −0.00117
21 0.317161 0.3165 0.000661 0.5398 0.171204 0.170847 0.000357 −0.00209
22 0.212017 0.212 1.65E−05 0.5521 0.117054 0.117045 9.12E−06 −7.8E−05
23 0.102637 0.1035 0.000863 0.5633 0.057815 0.058302 0.000486 0.008343
24 −0.0093 −0.01 0.000701 0.5736 −0.00533 −0.00574 0.000402 0.070131
25 −0.12436 −0.123 0.001362 0.5833 −0.07254 −0.07175 0.000794 −0.01107
26 −0.2091 −0.21 0.000898 0.59 −0.12337 −0.1239 0.00053 0.004275

IAE (Current) 1.7632E−02 IAE (Power) 6.480602E−03
SSE 1.55E−05 RMSE 7.72126E−04

MAE 6.78E−04 MBE 7.92E−08 MAPE 4.42293E−01
NMAE 4.72874E−05 NMBE 5.52585E−09 NRMSE 5.38404E−05
Table 5
Optimal value of RTC. France Solar Cell (SDM) along with the comparison of Std., mean and min values of objective function with other MH algorithms.

S.No Algorithm N RS Rsh Io Iph IAE RMSE

Std Mean Min

1 HFGD 1.47727 0.03655 52.8899 0.31069 0.76079 0.017631849 6.88E−18 7.73E−04 7.72E−04
2 NRO-S (Wei et al., 2019) 1.4812 0.0364 53.7185 0.323 0.7608 – 2.87E−14 9.86E−04 9.86E−04
3 IWOA (Xiong et al., 2018a) 1.4812 0.0364 53.7317 0.3232 0.7608 0.0177034 1.13E−05 9.95E−04 9.86E−04
4 DE (Xiong et al., 2021) 1.4812 0.0364 53.7185 0.3231 0.7608 0.0181 6.72E−05 1.01E−03 9.86E−04
5 RTLBO (Xiong et al., 2018b) 1.4871 0.0361 55.3065 0.3423 0.7608 0.0217 3.06E−05 1.01E−03 9.86E−04
6 TLABC (Chen et al., 2018) 1.4812 0.0364 53.7164 0.3231 0.7608 0.0203 1.76E−05 9.98E−04 9.86E−04
7 BES (Nicaire et al., 2021) 1.4812 0.0364 53.7185 0.323 0.7607 0.0239 2.63E−13 9.86E−04 9.86E−04
8 HBA (Düzenli et al., 2022) 1.4812 0.0364 53.7185 0.323 0.7608 0.0256 7.81E−10 9.86E−04 9.86E−04
9 GOTLBO (Chen et al., 2016) 1.487 0.0362 53.8599 0.342 0.7608 0.0233 1.36E−04 1.09E−03 9.87E−04
10 HBO (AbdElminaam et al., 2022) 1.48003 0.0364 52.1563 0.319 0.76087 0.0219129 4.09E−04 1.51E−03 9.89E−04
11 NRO-P (Wei et al., 2019) 1.4799 0.0364 54.1619 0.3189 0.7608 – 6.63E−05 1.04E−03 9.88E−04
Fig. 5. Estimated as well as measured solar cell IV and PV characteristics for RTC (SDM).
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Table 6
The HFGD outcomes of Ie, IAE, MAE, MBE, MAPE, SSE, NMAE, NMBE, NRMSE, and RE for the RTC DDM.

S.No Ie Im IAE V Pe Pm IAE RE

1 0.764003035 0.764 3.03456E−06 −0.2057 −0.157155424 −0.1571548 6.24209E−07 −3.97194E−06
2 0.762620041 0.762 0.000620041 −0.1291 −0.098454247 −0.0983742 8.00473E−05 −0.000813702
3 0.761350426 0.7605 0.000850426 −0.0588 −0.044767405 −0.0447174 5.0005E−05 −0.001118245
4 0.760184292 0.7605 0.000315708 0.0057 0.00433305 0.00433485 1.79953E−06 0.000415132
5 0.759115385 0.76 0.000884615 0.0646 0.049038854 0.049096 5.71461E−05 0.001163967
6 0.758125283 0.759 0.000874717 0.1185 0.089837846 0.0899415 0.000103654 0.00115246
7 0.757186545 0.757 0.000186545 0.1678 0.127055902 0.1270246 3.13022E−05 −0.000246427
8 0.756234951 0.757 0.000765049 0.2132 0.161229292 0.1613924 0.000163108 0.001010633
9 0.755158688 0.7555 0.000341312 0.2545 0.192187886 0.19227475 8.68639E−05 0.00045177
10 0.753692858 0.754 0.000307142 0.2924 0.220379792 0.2204696 8.98083E−05 0.00040735
11 0.751357239 0.7505 0.000857239 0.3269 0.245618681 0.24533845 0.000280231 −0.001142224
12 0.747256521 0.7465 0.000756521 0.3585 0.267891463 0.26762025 0.000271213 −0.001013424
13 0.739966187 0.7385 0.001466187 0.3873 0.286588904 0.28602105 0.000567854 −0.001985358
14 0.727273694 0.728 0.000726306 0.4137 0.300873127 0.3011736 0.000300473 0.000997673
15 0.706892761 0.7065 0.000392761 0.4373 0.309124204 0.30895245 0.000171754 −0.000555925
16 0.675335114 0.6755 0.000164886 0.459 0.309978817 0.3100545 7.56828E−05 0.000244095
17 0.631018023 0.632 0.000981977 0.4784 0.301879022 0.3023488 0.000469778 0.001553761
18 0.572258412 0.573 0.000741588 0.496 0.283840173 0.284208 0.000367827 0.001294219
19 0.499639183 0.499 0.000639183 0.5119 0.255765298 0.2554381 0.000327198 −0.001280928
20 0.413553312 0.413 0.000553312 0.5265 0.217735819 0.2174445 0.000291319 −0.001339738
21 0.317170468 0.3165 0.000670468 0.5398 0.171208619 0.1708467 0.000361919 −0.002118384
22 0.21196713 0.212 3.28697E−05 0.5521 0.117027053 0.1170452 1.81473E−05 0.000155046
23 0.10255795 0.1035 0.00094205 0.5633 0.057770893 0.05830155 0.000530657 0.009101928
24 −0.009359782 −0.01 0.000640218 0.5736 −0.005368771 −0.005736 0.000367229 0.064021831
25 −0.124347306 −0.123 0.001347306 0.5833 −0.072531784 −0.0717459 0.000785884 −0.01095371
26 −0.208993675 −0.21 0.001006325 0.59 −0.123306269 −0.1239 0.000593731 0.004792022

IAE (Current) 1.7067785E−02 IAE (Power) 6.445256 E-03
SSE 1.45566E−05 RMSE 7.48245E−04

MAE 6.82711E−04 MBE −8.33602E−06 MAPE 04.20515087E−01
NMAE 4.76056E−05 NMBE −5.81272E−07 NRMSE 5.21752E−05
Table 7
Optimal value of RTC. France Solar Cell (DDM) along with the comparison of Std., mean and min values of objective function with other MH algorithms.

Sno Algorithm N1 N2 RS Rsh Io1 Io2 Iph IAE RMSE

Std Mean Min

1 HFGD 1.46395 2.34367 0.03682 54.784 0.26832 0.95332 0.76075 0.01706779 4.72E−06 7.57E−04 7.48E−04
2 ITLBO (Li et al., 2019b) 1.7892 1.4743 0.03614 53.7216 0.3204 0.8451 0.7608 1.91E−02 1.33E−05 9.80E−04 9.80E−04
3 TLABC (Chen et al., 2018) 1.9075 1.4567 0.0367 54.668 0.4239 0.2401 0.7608 1.97E−02 2.06E−05 9.80E−04 9.80E−04
4 DE (Xiong et al., 2021) 1.9974 1.4575 0.0366 54.3994 0.3564 0.5762 0.7608 2.28E−02 3.87E−05 9.90E−04 9.80E−04
5 RTLBO (Xiong et al., 2018b) 1.9614 1.4552 0.0363 49.085 0.2299 0.8527 0.7608 2.50E−02 1.95E−05 9.90E−04 9.80E−04
6 GOTLBO (Chen et al., 2016) 1.991 1.4638 0.0345 54.4147 0.341 0.2634 0.7608 2.87E−02 9.28E−05 1.00E−04 9.80E−04
7 GSK (Xiong et al., 2021) 1.9983 1.4627 0.0366 54.933 0.2595 0.4791 0.7608 2.97E−02 8.72E−07 9.80E−04 9.80E−04
8 IWOA (Xiong et al., 2018a) 1.4545 2 0.0367 55.4082 0.6771 0.2355 0.7608 1.73E−02 1.92E−05 9.97E−04 9.83E−04
9 HBA (Düzenli et al., 2022) 2 1.453 0.0367 55.264 0.2316 0 0.7608 2.30E−02 1.50E−07 9.82E−04 9.83E−04
10 HBA-OBL (Düzenli et al., 2022) 1.4545 2 0.0367 55.3172 0.6713 0 0.7608 2.54E−02 1.87E−07 9.83E−04 9.83E−04
11 NRO-S (Wei et al., 2019) 1.9615 1.4797 0.0364 53.8266 0.0433 0.0317 0.7608 − 9.06E−06 1.02E−03 9.86E−04
12 NRO-P (Wei et al., 2019) 1.4809 1.0017 0.0364 50.5576 0.3221 0 0.7613 − 1.55E−03 3.30E−04 1.02E−03
13 HBO (AbdElminaam et al., 2022) 1.44075 1.90873 0.0368 51.6762 0.674 0.197 0.7607 2.33E−02 3.86E−04 1.56E−03 1.05E−03
14 WOA (Xiong et al., 2018a) 1.7961 1.497 0.0354 55.5644 0.365 0.1274 0.7611 1.94E−02 1.66E−03 3.35E−03 1.13E−03
Fig. 6. Estimated as well as measured solar cell IV and PV characteristics for RTC (DDM).
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Table 8
The HFGD outcomes of Ie, IAE, MAE, MBE, MAPE, SSE, NMAE, NMBE, NRMSE, and RE for the Amorphous Silicon aSi:H.

Sno Ie Im IAE V Pe Pm IAE RE

1 0.011364 0.011283 8.08E−05 −0.01 −0.00011 −0.00011 8.08E−07 −0.00716
2 0.011328 0.011266 6.28E−05 0.00848 9.61E−05 9.55E−05 5.33E−07 −0.00558
3 0.011293 0.011243 5.04E−05 0.026955 0.000304 0.000303 1.36E−06 −0.00449
4 0.011257 0.011224 3.38E−05 0.045435 0.000511 0.00051 1.53E−06 −0.00301
5 0.011222 0.011202 1.93E−05 0.063915 0.000717 0.000716 1.24E−06 −0.00173
6 0.011186 0.011193 7.03E−06 0.08239 0.000922 0.000922 5.8E−07 0.000628
7 0.01115 0.011155 4.41E−06 0.10087 0.001125 0.001125 4.45E−07 0.000396
8 0.011114 0.01111 4E-06 0.11935 0.001327 0.001326 4.78E−07 −0.00036
9 0.011078 0.011099 2.06E−05 0.137825 0.001527 0.00153 2.84E−06 0.001857
10 0.011042 0.011078 3.6E−05 0.156305 0.001726 0.001732 5.63E−06 0.003249
11 0.011006 0.01104 3.39E−05 0.174785 0.001924 0.00193 5.92E−06 0.003069
12 0.010969 0.011007 3.78E−05 0.19326 0.00212 0.002127 7.31E−06 0.003435
13 0.010932 0.010982 4.94E−05 0.21175 0.002315 0.002325 1.05E−05 0.004497
14 0.010895 0.010941 4.64E−05 0.2302 0.002508 0.002519 1.07E−05 0.004238
15 0.010857 0.010896 3.91E−05 0.2487 0.0027 0.00271 9.73E−06 0.003592
16 0.010819 0.010861 4.23E−05 0.26715 0.00289 0.002902 1.13E−05 0.003894
17 0.01078 0.010838 5.8E−05 0.28565 0.003079 0.003096 1.66E−05 0.005352
18 0.010739 0.010777 3.79E−05 0.30415 0.003266 0.003278 1.15E−05 0.003518
19 0.010698 0.010724 2.52E−05 0.3226 0.003451 0.003459 8.14E−06 0.002354
20 0.010656 0.01069 3.4E−05 0.3411 0.003635 0.003646 1.16E−05 0.00318
21 0.010611 0.010624 1.24E−05 0.35955 0.003815 0.00382 4.44E−06 0.001163
22 0.010565 0.010596 3.11E−05 0.37805 0.003994 0.004006 1.17E−05 0.002933
23 0.010516 0.010523 6.82E−06 0.3965 0.00417 0.004172 2.71E−06 0.000648
24 0.010463 0.010467 3.79E−06 0.415 0.004342 0.004344 1.57E−06 0.000362
25 0.010407 0.010407 5.37E−07 0.4335 0.004511 0.004512 2.33E−07 5.16E−05
26 0.010345 0.010327 1.81E−05 0.45195 0.004676 0.004667 8.2E−06 −0.00176
27 0.010278 0.010258 2E-05 0.47045 0.004835 0.004826 9.42E−06 −0.00195
28 0.010202 0.010173 2.97E−05 0.4889 0.004988 0.004973 1.45E−05 −0.00292
29 0.010117 0.01006 5.72E−05 0.5074 0.005133 0.005104 2.9E−05 −0.00569
30 0.01002 0.009967 5.34E−05 0.52585 0.005269 0.005241 2.81E−05 −0.00535
31 0.009909 0.009853 5.53E−05 0.54435 0.005394 0.005364 3.01E−05 −0.00562
32 0.009779 0.009702 7.68E−05 0.56285 0.005504 0.005461 4.33E−05 −0.00792
33 0.009627 0.009567 6.02E−05 0.5813 0.005596 0.005561 3.5E−05 −0.00629
34 0.009447 0.009384 6.32E−05 0.5998 0.005666 0.005628 3.79E−05 −0.00674
35 0.009233 0.009201 3.2E−05 0.61825 0.005708 0.005689 1.98E−05 −0.00347
36 0.008976 0.008975 1.11E−06 0.63675 0.005715 0.005715 7.09E−07 −0.00012
37 0.008667 0.008685 1.85E−05 0.6552 0.005678 0.005691 1.21E−05 0.002128
38 0.008292 0.008338 4.61E−05 0.6737 0.005586 0.005617 3.1E−05 0.005525
39 0.007837 0.007911 7.44E−05 0.69215 0.005424 0.005476 5.15E−05 0.009405
40 0.00728 0.007373 9.22E−05 0.71065 0.005174 0.005239 6.55E−05 0.012508
41 0.0066 0.006665 6.52E−05 0.72915 0.004812 0.00486 4.75E−05 0.009781
42 0.005768 0.005787 1.89E−05 0.7476 0.004312 0.004326 1.41E−05 0.00327
43 0.004744 0.004701 4.26E−05 0.7661 0.003634 0.003602 3.27E−05 −0.00907
44 0.003488 0.003403 8.47E−05 0.78455 0.002737 0.00267 6.65E−05 −0.02489
45 0.001938 0.001877 6.06E−05 0.80305 0.001556 0.001507 4.87E−05 −0.03229
46 3.15E−05 9.58E−05 6.43E−05 0.8215 2.59E−05 7.87E−05 5.28E−05 0.671148

IAE (Current) 1.812E−03 IAE (Power) 8.17813E−04
SSE 9.79E−08 RMSE 4.61E−05

MAE 3.94E−05 MBE 7.55E−13 MAPE 1.953447
NMAE 9.05E−05 NMBE 1.73E−12 NMRSE 1.06 E-04
Table 9
Optimal value of Amorphous Silicon aSi:H along with the comparison of Std., mean and min values of objective function with other MH algorithms.

S.No Algorithm N RS Rsh Io Iph IAE Std Mean Min

RMSE

1 HFGD 3.36842 2.17E−13 523.154 0.73494 0.01134 0.00181 6.30E−20 4.61E−05 4.61E−05
2 HSDA (Cotfas et al., 2021) 3.35383 0.04028 520.065 0.70475 0.01134 0.00182 NA NA 4.62E−05
3 BMOA (Madhiarasan et al., 2022) 3.7077 0 7.293 1.7698 0.011235 0.003198 NA NA 8.21E−05
4 SDA (Cotfas et al., 2019) 1.679294 0.091316 99.13667 0.516854 0.425752 NA NA NA 5.63E−04
5 GA (Cotfas et al., 2019) 1.73926 0.085944 123.3659 0.838331 0.425688 NA NA NA 6.97E−04
6 5P (Madhiarasan et al., 2022) (Cotfas et al., 2019) 1.618311 0.103522 145.222 0.306456 0.4255 0.008738 NA NA 2.26E−03
5.2.4. Parameter extraction of PVM 752 GaAs thin-film
The PVM 752 GaAs thin film solar cell is tested at a temperature

of 25 ◦C and an irradiance of 1000 W∕m2 in order to determine
the unknown parameters using the HFGD algorithm. The data sheet
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containing the measured data of the PVM 752 GaAs solar PV cell,
including a total of 44 I–V tested samples, has been obtained from Ali
et al. (2023), Lekouaghet et al. (2021). The best 𝐼𝐴𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡, as well as
𝐼𝐴𝐸 , SSE, RMSE, MAPE, MBE, NMAE, NMBE, NRMSE, and Im, are
𝑝𝑜𝑤𝑒𝑟
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Fig. 7. Estimated as well as measured solar module IV and PV characteristics for Amorphous Silicon aSi:H.
Fig. 8. Estimated as well as measured solar module IV and PV characteristics for PVM 752 GaAs Thin-Film.
displayed in Table 10. The best 𝐼𝐴𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡, and 𝐼𝐴𝐸𝑝𝑜𝑤𝑒𝑟 are 0.006053
and 0.004021, respectively. The best RMSE values for PVM 752 GaAs
Thin-Film (1.59E−04) are demonstrated in Table 11. For this model,
the HFGD algorithm obtains the best value of the RMSE. In addition,
the HFGD algorithm optimum value of unknown parameters of this
model along with the comparison of obtained outcomes with other
MH algorithms in Table 11. Furthermore, the accuracy of the HFGD
algorithm is displayed in the well-known IV and PV curve of the PV
module is given in Figs. 8(a) and 8(b).

5.2.5. Statistical validations
This section presents statistical analysis (Friedman and Wilcoxon

tests) based on min value of RMSE for the HFGD algorithm for 30 runs.
From statistical analysis, it is observed that the proposed algorithm
gives robustness and accuracy over other MH algorithms. The boxplot
of the solar PV cells/modules (SDM, DDM, Amorphous Silicon aSi:H
and PVM 752 GaAs thin-film) as shown in Figs. 9(a), 9(b), 9(c) and
9(d), respectively. Tables 12–15 illustrates the average ranks, 𝑅+, p
values, as well as 𝑅− for the proposed and compared algorithms using
solar PV cell/module (SDM, DDM, Amorphous Silicon aSi:H and PVM
752 GaAs thin-film) challenges, based on the Friedman and Wilcoxon
tests. Depending on these test results, the HFGD has got the highest
rank (𝐼st rank) in all the cases, displayed in Tables 12, 13, 14 and
15, respectively. In comparison with other MH algorithms, the HFGD
algorithm achieves greater 𝑅+ values than 𝑅− in each of the solar PV
cells/modules challenges are tabulated in the Tables 12, 13, 14 and 15,
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respectively. The results demonstrated that the HFGD algorithm outper-
forms previous MH approaches in solving all solar PV cells/modules
challenges.

6. Discussion

This section is divided into three subsections, where the first part
deals with the overall summary of the paper, the second part gives
emphasis on the drawbacks of the proposed approach and finally in
the third subsection some future insightful implications are presented.
The details are as

6.1. Summary of results

A multi-hybrid algorithm using the best known properties of FPA,
GWO and DE, namely HFGD is proposed. The algorithm employs
iterative division, adaptive switching, and population adaptation, for
improved performance. The algorithm is self-adaptive in nature, and
hence no user based parametric tuning is required. The proposed
HFGD is tested on CEC 2019 benchmark dataset, and it has been
found that the algorithm perform significantly better with respect to
previous competition winners including jDE100, YDSE, among others.
Along with the benchmark challenges, parameter estimation of solar
PV (SDM, DDM, Amorphous Silicon aSi:H and PVM 752 GaAs thin-film
cell/module) utilizing the HFGD algorithm shows that the proposed
algorithm achieves noticeably superior outcomes in comparison with
the existing MH algorithms. Also, the HFGD algorithm is demonstrably
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Table 10
The HFGD outcomes of Ie, IAE, MAE, MBE, MAPE, SSE, NMAE, NMBE, NRMSE, and RE for the PVM 752 GaAs Thin-Film.

S.No Ie Im IAE V Pe Pm IAE RE

1 0.100192 0.1001 9.24E−05 −0.1659 −0.01662 −0.01661 1.53E−05 −0.00092
2 0.100135 0.1 0.000135 −0.1281 −0.01283 −0.01281 1.73E−05 −0.00135
3 0.100076 0.0999 0.000176 −0.0888 −0.00889 −0.00887 1.56E−05 −0.00176
4 0.100016 0.0999 0.000116 −0.049 −0.0049 −0.0049 5.68E−06 −0.00116
5 0.099957 0.0999 5.72E−05 −0.0102 −0.00102 −0.00102 5.83E−07 −0.00057
6 0.0999 0.0998 0.0001 0.0275 0.002747 0.002745 2.76E−06 −0.001
7 0.099837 0.0999 6.32E−05 0.0695 0.006939 0.006943 4.39E−06 0.000633
8 0.099782 0.0998 1.85E−05 0.1061 0.010587 0.010589 1.96E−06 0.000185
9 0.099721 0.0998 7.88E−05 0.146 0.014559 0.014571 1.15E−05 0.000789
10 0.099666 0.0997 3.44E−05 0.1828 0.018219 0.018225 6.28E−06 0.000345
11 0.099605 0.0997 9.51E−05 0.223 0.022212 0.022233 2.12E−05 0.000954
12 0.099549 0.0996 5.1E−05 0.26 0.025883 0.025896 1.33E−05 0.000512
13 0.099488 0.0997 0.000212 0.3001 0.029856 0.02992 6.35E−05 0.002123
14 0.099427 0.0996 0.000173 0.3406 0.033865 0.033924 5.89E−05 0.001736
15 0.099369 0.0995 0.000131 0.3789 0.037651 0.037701 4.96E−05 0.001315
16 0.099312 0.0994 8.85E−05 0.4168 0.041393 0.04143 3.69E−05 0.00089
17 0.099248 0.0994 0.000152 0.4583 0.045485 0.045555 6.97E−05 0.00153
18 0.099191 0.0993 0.000109 0.4949 0.049089 0.049144 5.42E−05 0.001102
19 0.099121 0.0993 0.000179 0.537 0.053228 0.053324 9.61E−05 0.001803
20 0.099049 0.0992 0.000151 0.5753 0.056983 0.05707 8.66E−05 0.001518
21 0.098961 0.099 3.85E−05 0.6123 0.060594 0.060618 2.36E−05 0.000389
22 0.098804 0.0988 4.46E−06 0.6546 0.064677 0.064674 2.92E−06 −4.5E−05
23 0.098544 0.0983 0.000244 0.6918 0.068172 0.068004 0.000168 −0.00248
24 0.097944 0.0977 0.000244 0.7318 0.071675 0.071497 0.000178 −0.00249
25 0.096628 0.0963 0.000328 0.7702 0.074423 0.07417 0.000253 −0.00341
26 0.094022 0.0937 0.000322 0.8053 0.075716 0.075457 0.00026 −0.00344
27 0.090209 0.09 0.000209 0.8329 0.075135 0.074961 0.000174 −0.00233
28 0.08542 0.0855 7.96E−05 0.855 0.073034 0.073103 6.81E−05 0.000932
29 0.079754 0.0799 0.000146 0.8738 0.069689 0.069817 0.000128 0.001831
30 0.074051 0.0743 0.000249 0.8887 0.065809 0.06603 0.000221 0.003347
31 0.06818 0.0683 0.00012 0.9016 0.061471 0.061579 0.000108 0.001757
32 0.061639 0.0618 0.000161 0.9141 0.056344 0.056491 0.000147 0.00261
33 0.055373 0.0555 0.000127 0.9248 0.051209 0.051326 0.000118 0.002291
34 0.049238 0.0493 6.25E−05 0.9344 0.046008 0.046066 5.84E−05 0.001268
35 0.042275 0.0422 7.45E−05 0.9445 0.039928 0.039858 7.04E−05 −0.00177
36 0.0358 0.0357 9.97E−05 0.9533 0.034128 0.034033 9.5E−05 −0.00279
37 0.029201 0.0291 0.000101 0.9618 0.028086 0.027988 9.72E−05 −0.00347
38 0.022364 0.0222 0.000164 0.9702 0.021697 0.021538 0.000159 −0.00737
39 0.01592 0.0157 0.00022 0.9778 0.015566 0.015351 0.000215 −0.014
40 0.009422 0.0092 0.000222 0.9852 0.009283 0.009064 0.000219 −0.02416
41 0.002716 0.0026 0.000116 0.9926 0.002696 0.002581 0.000115 −0.04454
42 −0.00409 −0.004 9.39E−05 0.9999 −0.00409 −0.004 9.39E−05 −0.02348
43 −0.00858 −0.0085 7.54E−05 1.0046 −0.00861 −0.00854 7.57E−05 −0.00887
44 −0.01274 −0.0124 0.000339 1.0089 −0.01285 −0.01251 0.000342 −0.02733

IAE (Current) 6.053E−03 IAE (Power) 4.021354E−03
SSE 1.12E−06 RMSE 1.59243E−04

MAE 1.38E−04 MBE 7.89E−08 MAPE 4.74094E−01
NMAE 4.20224E−05 NMBE 2.41097E−08 NRMSE 4.86431E−05
Table 11
Optimal value of PVM 752 GaAs Thin-Film along with the comparison of Std., mean and min values of objective function with other MH algorithms.

S. No Algorithm N RS Rsh Io1 Iph IAE Std Mean Min

RMSE

1 HFGD 1.662595269 0.641599 661.2761442 7.45E−06 0.100039 0.006053 2.29E−07 1.59E−04 1.59E−04
2 ELBA (Deotti et al., 2020) 1.61568 0.66051 608.01 3.78E−04 0.10007 NA 3.57E−18 2.28E−04 2.28E−04
3 DBA (Deotti et al., 2020) 1.624056 661.3119 661.311949 4.28E−06 0.100022 NA 1.50E−04 4.38E−04 2.29E−04
4 IJAYA (Jordehi, 2018) 1.88746 0.5 100 1.13E−10 0.103253 NA 1.16E−05 2.54E−04 2.29E−04
5 SDO (Xiong et al., 2019) 1.6467 0.6499 668.5946 5.94E−06 0.1 0.005935 2.77E−05 3.17E−04 2.37E−04
6 NBA (Deotti et al., 2020) 1.801044 0.595697 1000 4.49E−05 0.099975 NA 8.60E−05 5.95E−04 3.95E−04
7 LCROA (Lekouaghet et al., 2021) 1.87845 0.57044 842.475 1.09E−04 0.09997 NA 7.28E−02 4.87E−02 7.61E−04
8 CNMSMA (Liu et al., 2021) 1.840868 0.5 100 6.76E−05 0.103312 NA 1.95E−13 2.26E−03 2.26E−03
9 BA (Deotti et al., 2020) 1.79958 0.217866 789.910856 3.84E−05 0.091125 NA 5.58E−02 8.01E−02 8.60E−03
10 ELPSO (Jordehi, 2018) 1.76859 0.159052 14.429507 0 0.115016 NA 0 2.54E−02 2.54E−02
superior to other recently proposed parameter extraction strategies in
terms of accuracy, stability, and speed, according to the outcomes of
the experiments. Additionally, the competition outcomes and statistics
4460
rates show that the HFGD algorithm developed in this analysis is
capable of accurately and successfully identifying solar PV param-
eters. Statistically, Wilcoxon and Freidmann tests further prove the
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Table 12
Friedman’s rank and Wilcoxon test for R.T.C France Solar Cell (SDM).

S.No R.T.C France Solar Cell (SDM)

Algorithm Friedman’s rank Rank R+ R− p value Result

1 HFGD 1.34771267 1
2 NRO-S 4.32959967 4 465 0 1.69E−14 +
3 IWOA 6.46048669 5 465 0 1.18E−12 +
4 DE 7.55873774 7 465 0 1.01E−12 +
5 RTLBO 8.23034422 8 465 0 1.17E−12 +
6 TLABC 7.39447314 6 465 0 1.13E−12 +
7 BES 3.15152 2 465 0 7.91E−13 +
8 HBA 3.82678969 3 465 0 3.37E−13 +
9 GOTLBO 9.47143114 10 465 0 1.10E−12 +
10 HBO 11.3412579 11 465 0 1.21E−12 +
11 NRO-P 8.7533858 9 465 0 1.18E−12 +
Table 13
Friedman’s rank and Wilcoxon test for R.T.C France Solar Cell (DDM).

S.No R.T.C France Solar Cell (DDM)

Algorithm Friedman’s rank Rank R+ R− p value Result

1 HFGD 1.80979913 1
2 ITLBO 7.45204232 9 465 0 2.91E−11 +
3 TLABC 5.36694714 3 465 0 2.50E−11 +
4 DE 6.94188634 5 465 0 2.99E−11 +
5 RTLBO 7.02176128 8 465 0 3.01E−11 +
6 GOTLBO 7.01573553 7 465 0 2.39E−11 +
7 GSK 5.058874 2 465 0 2.99E−11 +
8 IWOA 9.22615909 10 465 0 3.02E−11 +
9 HBA 6.9557407 6 465 0 2.96E−11 +
10 HBA-OBL 6.13571168 4 465 0 2.97E−11 +
11 NRO-S 11.0824626 11 465 0 3.02E−11 +
12 NRO-P 12.4673266 12 465 0 8.34E−09 +
13 HBO 13.3120685 13 465 0 3.02E−11 +
14 WOA 14.3244068 14 465 0 3.02E−11 +
Table 14
Friedman’s rank and Wilcoxon test for Amorphous Silicon aSi:H.

S.No Amorphous Silicon aSi:H

Algorithm Friedman’s rank Rank R+ R− p value Result

1 HFGD 1.15761308 1
2 HSDA 2.0975404 2 465 0 2.01E−13 +
3 BMOA 3.27849822 3 465 0 1.97E−13 +
4 SDA 4.88021485 4 465 0 1.55E−13 +
5 GA 5.75750684 5 465 0 5.59E−13 +
6 5P 6.8315552 6 465 0 3.37E−13 +
Table 15
Friedman’s rank and Wilcoxon test for PVM 752 GaAs Thin-Film.

S.No PVM 752 GaAs Thin-Film

Algorithm Friedman’s rank Rank R+ R− p value Result

1 HFGD 1.97974838 1
2 SDO 4.94805702 4 465 0 2.94E−11 +
3 ELBA 2.90579194 2 465 0 1.64E−11 +
4 DBA 4.82698682 5 465 0 2.93E−11 +
5 IJAYA 4.18004252 3 465 0 2.94E−11 +
6 NBA 6.56569258 6 465 0 2.94E−11 +
7 LCROA 8.86420707 8 465 0 2.84E−11 +
8 CNMSMA 7.57849822 7 465 0 1.86E−11 +
9 BA 9.91354819 10 465 0 2.94E−11 +
10 ELPSO 9.49084017 9 465 0 1.17E−12 +
significance of the proposed HFGD algorithm. Overall, the enhanced
performance of HFGD is due to the added advantages of FPA, GWO,
and DE. The addition of adaptive properties makes the algorithm self-
sufficient, and hence helps in avoiding local optima stagnation and
other problems.
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6.2. Drawbacks

The proposed HFGD is found to be highly competitive, but as the
problem complexity increases, it is found to provide stagnating results.
This might be due to the poor expt operation and hence more significant
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Fig. 9. Boxplot for RTC. France Solar Cell (SDM), RTC. France Solar Cell (DDM), Amorphous Silicon aSi:H, and PVM 752 GaAs Thin-Film.
search needs to be added. Though population adaptation has been
added to reduce the computational burden, but it is very tricky to use
such a strategy. The population size can reduce abruptly if the solution
is changing very fast and this can lead to poor stability and hence
chances of getting stuck in some local optima is more.A balance in expl
and expt is still a matter of concern for this algorithm. This can be found
from the convergence profiles that the algorithm does not give optimal
convergence patterns and hence rigorous studies are required. A very
important point that still needs to be addressed is that the algorithm
does not provide good results for all the problems under consideration.
This may due to local optima stagnation in some of the cases, and
hence more work is required to enhance the overall performance of
the algorithm.

6.3. Insightful implications

The expt operation thus must be enhanced by using a set of new
equations and also multiple different mutation/inertia weight oper-
ators. Better and enhanced operation for population adaptation can
be added to make the algorithm more stable and have a reduced
computational burden. A deeper analysis of the proposed algorithm
must be done with respect to variable population strategies must be
done for enhanced performance. Even though new search strategies
have been added, it is still a concern how the algorithm behaves for
binary and discrete set of problems. The algorithm can be exploited for
these problems and see how it behaves. The algorithm is self-adaptive
in nature and hence can be extended to various domain research
problems including medical imaging, antenna arrays, segmentation
among others. Apart from that, theoretical foundations of the proposed
algorithm can be studied and empirical studies on the stability and
4462
convergence patterns can be drawn for better understanding of the
proposed HFGD algorithm.

7. Conclusions

This paper proposed a hybrid algorithm called HFGD based on the
hybrid properties of DE, FPA, and GWO. The algorithm uses a combi-
nation of equations, self-adaptive parameters, iterative division, popu-
lation division, and population adaptation to look for the best possible
solutions. The comparative results on the CEC 2019 benchmark dataset
and statistical tests show that HFGD is a highly competitive algorithm
and can be considered a potential candidate for high-dimensional prob-
lems. The proposed HFGD algorithm is applied to estimate the five
unknown parameters (𝑅𝑠, 𝑁 , 𝐼𝑠𝑐 , 𝑅𝑠ℎ𝑢, and 𝐼𝑃ℎ) for SDM and seven
unknown parameters (𝑅𝑠, 𝑁1 and 𝑁2, 𝐼𝑠𝑐1, 𝐼𝑠𝑐2, 𝑅𝑠ℎ𝑢, and 𝐼𝑃ℎ) for
DDM of PV cells/modules. Many cases have been used to illustrate
the algorithm’s performance, including SDM, DDM, Amorphous Silicon
aSi:H, and PVM 752 GaAs thin-film. When compared to other MH
optimization techniques, HFGD algorithm achieves dramatically lower
IAE and objective function values with superior robustness. For the
SDM, DDM, Amorphous Silicon aSi:H, and PVM 752 GaAs Thin-Film,
the HFGD algorithm can minimize the objective function to 7.72E−04,
7.48E−04, 4.61E−05 as well as 1.59E−04, respectively. Furthermore,
the I–V and P–V characteristics of the measured and estimated data
demonstrate the presented method’s accuracy.

In addition, the accuracy and robustness of the HFGD algorithm are
evaluated statistically by utilizing Friedman’s rank and Wilcoxon test.
In all the cases, the proposed algorithm rank is on top as compared
with the other MH algorithms. Finally, the research outcomes indicate
that the proposed HFGD algorithm displays a high level of reliability
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and simplicity as an optimization tool for addressing PV parameter
estimation problems. Future research will involve the application of
HFGD algorithm to the solving of constrained and multi-objective opti-
mization challenges in a variety of disciplines. Also, future works will
focus on enhancing the use of the MH algorithm for solving complex
power systems (energy scheduling, as well as energy management etc.)
and maximum power point tracking challenges.
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