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AV-GWO approach are compared with that obtained via other meta-heuristic methods. In that regard,
the AV-GWO approach has achieved superior and outstanding outcomes. For more realistic studies,
the offered AV-GWO is efficiently utilized to design the optimal parameters of TDM for two industrial
KC200GT and MSX-60 PV cells. In the optimization process, the hybrid AV-GWO has recorded the
lowest optimal fitness values of 8.475e—13 and 7.412e—12 for KC200GT and MSX-60, respectively.
Additionally, the AV-GWO has recorded the shortest computing time in 0.43412 (s) and 0.3142 (s)
for KC200GT and MSX-60, respectively, which reflects its rapid convergence, supremacy, and stability,
among other approaches. Those PV cells’ modeled I-V and P-V curves closely coincide with the real
data measured under various climatic conditions. The error between these results is less than 0.4%. The
high performance of the hybrid AV-GWO approach-based TDM is verified by examining its absolute
current error with that realized from other PV models. Consequently, the outcomes have depicted
that the offered AV-GWO approach is superior and can be used to generate a precise PV model of any

industrial PV cell, which is a unique addition to the PVs market.
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1. Introduction decrease in PV components and power converters, enhancing the
competitiveness and efficiency of this PV technology more than
Over recent decades, the development of sustainable and re-  other RESs. This indicates the numerous endeavors exerted in de-

newable energy sources (RESs) has been on rapid embarkation  veloping the PV industry. Based on the global PV market statistics,
around the globe because of several serious factors, including 142 GW of global PV installed capacity was achieved at the end of
fossil energy consumption, the rise in fuel prices, political is- 5020, which indicates a 14% growth compared to 2019's record. It
sues, and considerable concerns about achieving a healthy at- 5 ,redicted that 2.8 TW of global PV installations will be attained

g})olsghj\re (Zhang_et al;],ESZOZO?; Rircllhta etltal_., 219\?0; Qais ?t ;Ll" by 2030 (PV Power Plants, 2020). The reported records denote
). Among various s, solar photovoltaic (PV) energy is the the massive integration of solar PV installations into power grids.

most popular techno!ogy .Wldely mstall_e d worldwide. Newly, the Accordingly, grid-integrated PV power plants can release several
PV sector has seen significant economic growth due to the cost .
problems. To address the efficacy of PV systems on the power

—_ grids under different environmental situations and examine the
* Corresponding author. . . .
; ) . . effect of transient grid disturbances on the PV power systems
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The mathematical modeling of such PV cells is expressed via
nonlinear [-V behavior, which includes numerous unknown elec-
trical parameters owing to the insufficient data the manufacturers
supplied (Sharma et al., 2021a). In the PV modules, two types of
losses are presented, i.e., electrical and optical losses (El-Fergany,
2021; Kassis and Saad, 2010). Electrical losses are defined as: (i)
conduction losses in the wires and soldered junction that can
be simulated by a series resistance (R;), and (ii) leakage current
inside the PV cells that is simulated by a parallel resistance (Rp).
On the other hand, optical losses inside the PV cell are caused by
diffusion in the quasi-neutral zone, recombination in the deple-
tion layer, and recombination at the grain boundaries (Ma et al.,
2021).

The PV modeling should appear all the PV losses. The ideal
PVs are represented by a photo-generated current (Ipy) which is
pertinent to the amount of solar irradiation that drops on them.
The real Ipy is different owing to the electric and visual losses in
the P-N junction of such PVs, resulting in a single-diode model
(SDM) (El-Fergany, 2021). This model is characterized by its sim-
ple design and fast dynamic behavior. The SDM can represent
the diffusion and recombination losses in the quasi-neutral region
of the emitter and majority zones in the P-N junction. To attain
precise PV modeling, a two-diode model (DDM) is introduced to
address the PV losses in the quasi-neutral and space-charge of
the P-N junction and the SDM losses. Recently, the three-diode
model (TDM) appeared to address the recombination in defect
regions and grain boundaries and the losses in the SDM and DDM.
Therefore, TDM can represent all losses in three areas of the P-
N junction of such PV cells. Hence, TDM is considered a more
accurate PV modeling of such PV modules (Elazab et al., 2018)
considered in this study. The TDM of such PVs involves several
parameters like photo-generated current (Ipy), series resistance
(R;), parallel resistance (R,), emission coefficient of three diodes
(aq, ay, az), and leakage current for three diodes (1,1, Iy2, I,3) (Qais
et al,, 2019). Hence, it is crucial to find those parameters to
obtain a proper PV model critical in simulation assessments of
grid-integrated PV systems.

Several strategies were used to define the electrical parameter
of various PV panels accurately. In the PV literature, SDM and
DDM of PV panels are extensively examined because of their
limited number of unknowns that can be estimated using an-
alytical approaches, iterative approaches, and various optimizer
algorithms. Analytical methods are employed for extracting the
unknowns using several vital factors, which are available in the
PV datasheet, including short-circuit current (Isc), open-circuit
voltage (Voc), and maximum power (Pp,). These methods are dis-
tinguished by their fast convergence and the absence of any mea-
surements. However, some derivations are applied to limit the
undetermined parameters, including ignoring R, (Khanna et al,,
2015), primary values of such resistance (Di Piazza et al., 2017)
and I, (Senturk, 2018), a Lambert technique (Polo et al., 2019),
and utilizing the least square error method (Toledo et al., 2018).
The analytical techniques require different assumptions and sev-
eral differentiations of dynamic equations, leading to unrealistic
solutions. To estimate the unknowns, the analytical and optimizer
methods are integrated to precisely design the DDM parame-
ters (Chennoufi et al., 2021; Bradaschia et al., 2019b). Several iter-
ative techniques are utilized to fine-tune the PV parameters, like
the Gauss-Seidel method (Chatterjee et al., 2011) and Newton-
Raphson (Ridha et al.,, 2021). These approaches are hampered by
solid nonlinearity and multi-variability, which lack precision (EI-
Fergany, 2021; Elazab et al.,, 2018). Moreover, the accuracy of
analytical and iterative methods is limited since the primary
solutions are not always optimal. Besides, they need good initial
values to avoid divergence.

To overcome the nonlinearity and complexity of such meth-
ods, meta-heuristic approaches based on artificial intelligence
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optimization algorithms are effectively utilized to precisely de-
sign the electrical parameters of the PV modules. Genetic algo-
rithm (GA) (Bastidas-Rodriguez et al., 2017), Nelder-Mead moth
flame algorithm (Zhang et al., 2020a), whale optimization al-
gorithm (WOA) (Elazab et al., 2018), boosted mutation-based
Harris hawks optimizer (Ridha et al., 2020), artificial ecosystem-
based optimization (Yousri et al., 2020a), stochastic fractal search
optimization algorithm (Rezk et al., 2021), chaotic whale opti-
mization algorithm (Oliva et al., 2017), Random learning gradient-
based optimization (Zhou et al., 2021), Laplacian Nelder-Mead
spherical evolution (Weng et al.,, 2021), improved wind-driven
optimizer (Ibrahim et al., 2020), Emended heap-based optimizer,
(Rizk-Allah and El-Fergany, 2021). Other heuristic algorithms
(Sharma et al., 2021b; Ramadan et al., 2021; Bradaschia et al,,
2019a; Zhang et al., 2020b; Li et al., 2019; JackChin and Salam,
2019; Marques Gomes et al., 2017) are utilized for identifying
the undetermined parameters of such PV models by optimizing
the fitness functions. Different fitness function-based datasheets
have been presented and employed different optimizer algo-
rithms to address these problems, like the bacterial foraging
method (Awadallah and Venkatesh, 2016), differential evolution
approaches (Gao et al., 2018; Patro and Saini, 2020), and artificial
bee colony optimizer algorithm (Oliva et al., 2014). Because of
the range selection of upper and lower parameter limits, such
as the dark saturation current that is extremely sensitive, these
approaches are ineffective.

Nowadays, a TDM has been applied to achieve an accurate PV
modeling that addresses all the PV losses. This model involves
nine parameters that are needed to be identified to attain a
precise PV model. However, because of the multivariable and low
number of nonlinear equations, it is hard to identify the nine pa-
rameters of this TDM using analytical approaches. The optimiza-
tion approaches play an essential role in designing the unknown
parameters by minimizing the objective function. Different op-
timizer approaches are developed to correctly create the nine
parameters of such TDM like a sunflower optimizer algorithm
(SOA) (Qais et al., 2019), WOA (Elazab et al., 2018), Laplacian
Nelder-Mead spherical evolution (Weng et al., 2021), improved
wind-driven optimizer (Ibrahim et al.,, 2020), Emended heap-
based optimizer (Rizk-Allah and El-Fergany, 2021), tree growth-
based optimizer algorithm (Diab et al., 2020), advanced particle
swarm optimizer (Yousri et al., 2020b), and manta ray opti-
mization algorithm (Houssein et al., 2021). Notably, these ap-
proaches cannot provide assurance for the achievement of the
global solution. Still, an effort is being made on this subject to
raise the probability of avoiding being locked into local minima
by inventing new algorithms. In this regard, there is still po-
tential for development. The Meta-heuristic approaches are the
most promising solutions to solve different engineering prob-
lems; each has advantages and disadvantages. No one method can
solve all engineering optimization issues due to the difference in
the degree of nonlinearity, convexity, separability of the control
variables, and modality.

As per the no-free lunch principle, one approach cannot ad-
equately get the optimal solution to these difficulties, which
impute the researchers to employ several hybrid optimization
algorithms to detect enhanced solutions and eventually extract
the TDM parameters. Furthermore, the search spaces of these
algorithms are purposefully constrained to avoid stagnation in
a local solution. As a result, the fundamental purpose of this
research is to create a simple, fast converging, and stable hybrid
algorithm that can be used for a wide range of search spaces.

Many hybrid algorithms are presented to precisely identify the
electrical parameters of TDM-based PV modules like improved
slime mould optimizer and Lambert W-function (El-Fergany, 2021),
hybrid marine predators-slime mould algorithm (Yousri et al.,
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2021), hybrid adaptive teaching optimization and differential
evolution (Li et al., 2020), and analytical approaches and op-
timizer algorithms are combined to estimate the PV parame-
ters (Qais et al., 2019) correctly.

This study introduces a novel hybrid African vultures-grey
wolf optimizer (AV-GWO) approach to extract the nine param-
eters of such TDM. The AVO algorithm represents a new nature
meta-heuristic approach, presented in 2021 by Abdollahzadeh
et al. (2021). It was inspired by the natural activity of African
vultures (Abdollahzadeh et al., 2021). The AVO is a robust nature
optimizer algorithm with various features, including a minimum
number of variables to design, a simple method, low computation
burden, quick convergence speed, flexibility, and a gradient-free
nature. Hence, the AVO can be appointed to solve various dif-
ficulties in power systems effectively. The AVO approach was
evaluated on 36 standard benchmark functions, and it was em-
ployed to find optimal solutions for eleven engineering problems,
which indicates the significant superiority of such AVO. In the
hybrid approach, the vultures’ updating position formula of the
AVO is applied to update the key-group parameters in GWO,
resulting in an enhanced GWO approach.

This article proposes a novel hybrid AV-GWO approach to
precisely estimate the electrical parameters of such TDM. A new
objective function that depends on the current error is presented
in this study, which is minimized by the hybrid AV-GWO to
precisely estimate the optimal nine parameters of such TDM.
The nine electrical parameters attained through the hybrid AV-
GWO approach are compared with that obtained via other meta-
heuristic methods. In that regard, the AV-GWO approach has
achieved superior and outstanding outcomes. For more realistic
studies, the offered AV-GWO is efficiently utilized to design the
optimal parameters of TDM for two industrial KC200GT and MSX-
60 PV cells. In the optimization process, the hybrid AV-GWO
has recorded the lowest optimal fitness values of 8.475e—13
and 7.412e—12 for KC200GT and MSX-60, respectively. Addition-
ally, the AV-GWO has recorded the shortest computing time in
0.33412 (s), which reflects its rapid convergence, supremacy, and
stability among other approaches. Those PV cells’ modeled I-V
and P-V curves closely coincide with the real data measured un-
der various climatic conditions. The error between these results
is less than 0.4%. The high performance of the hybrid AV-GWO
approach-based TDM is verified by examining its absolute current
error with that realized from other PV models. Consequently, the
outcomes have depicted that the offered AV-GWO approach is
superior and can be used to generate a precise PV model of any
industrial PV cell, which is a unique addition to the PVs market.

The following statements illustrate the main novelty of this

paper:

- Introducing the hybrid African vultures-grey wolf optimizer
(AV-GWO) approach.

- A new objective function that depends on the current error
is proposed in this study.

- AV-GWO, AVO, GWO, WOA, and other meta-heuristic algo-
rithms are applied to find the optimal nine parameters of
TDM for two distinct marketable PV cells.

- Comparing the statistical analyses of 30 separate runs of

all algorithms, where the offered AV-GWO algorithm has

achieved the shortest computing time and lowest optimal
fitness value of the marketable PV cells.

The modeled I-V and P-V curves of the distinct PV cells

are compared with the real measured data under various

climatic conditions using the hybrid AV-GWO algorithm.

The absolute current error of the hybrid AV-GWO-based

TDM is compared with that realized using other approaches-

based PV models.
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Fig. 1. TDM of PV panel.

The remainder of this article is prepared as follows; Section 2
describes the TDM of the PV module. In Section 3, the problem
formulation is proposed. The AVO technology is presented in
Section 4. The GWO overview is illustrated in Section 5. Sec-
tion 6 describes the detailed hybrid AV-GWO approach. Section 7
depicts the simulation analyses and discussion. Section 8 draws
conclusions and recommendations for further work.

2. Three-diode model of PV module

Various equivalent circuits are employed to represent the non-
linear I-V relationship of SDM, DDM, and TDM of such PV panels.
Fig. 1 indicates the equivalent electrical circuit of the TDM of PV
modules, which includes a photo-current source, three parallel
diodes, and series and parallel resistors (Qais et al., 2019). The
mathematical I-V behavior of TDM of PV modules is described
using the following equation (Ramadan et al., 2021; Qais et al,,
2019):

[V + IR ]
I =Ipy —Ipq exp # -1

L “1 Ve |
[V 4+ IR ]

— I {exp| —— | -1 (1)
[ &V |
[V 4+ IR ] V + IR,

—lpsqexp| — | -1} — ———
L a3 Vt | Rp

where V; = NiKT/q, Ns depicts the number of series connected
cells, K indicates the Boltzmann constant, T is panel surface
temperature, and q represents the electron charge.

In the PV datasheet, there are many noticeable points of the
-V relationship, including Isc, Voc, and Py,. Various formulas are
set to demonstrate the characteristics of PV panels at several
temperatures and solar irradiances, as follows (De Soto et al,
2006; Sera et al., 2007):

G
b = (Ibv.n + KIAT) = ()
n
T\? (1 _1
Iop = Ion <7> e( 4 [Tn T]} (3)
Ty
Eg = E; n(1 — 0.0002677)AT (4)
G
Ry =Rpn— 5
D P,n G" ( )

where the variable subscript by n is the variable obtained un-
der standard test conditions (STC). K; indicates the short circuit
current-temperature coefficient, AT stands for temperature dif-
ference, G is actual irradiance, and E; denotes band gap charac-
teristic. Eg , is considered to be 1.211 eV (Elazab et al., 2018; Qais
et al,, 2019). Huge efforts are exerted to identify the unknowns of
the PV panel. Here, the nine parameters of the TDM that needed
to determine are (Ipy, Io1, lo2, lo3, Rs, Ry, a1, a2, and as).

14890



M.A. Soliman, H.M. Hasanien, R.A. Turky et al.
3. Problem formulation

In this paper, various optimizer algorithms are employed to
determine the TDM'’s parameters of the PV module, which re-
quire a definition of a fitness function. A new fitness function is
presented here to design the TDM precisely. The current error, de-
fined as the change between the estimated and measured model
currents, is utilized as the fitness function in the optimization
approach. The offered fitness function is the sum of three terms,
which are the absolute current error, the squared current error,
and the current error to the power of four, and can e represented
as follows:

N N
e=D (V. L@+ fZ (V.1 ¢)

k=1 k=1

N
+) [V 1)

k=1

where N refers to the measured data samples, ¢ is a vector that
represents the design variables of the TDM parameters, and pre-
cisely needed to be computed. The f; (V, I, ¢) is mathematically
formulated using (7):

[V + IR, ]
fe(V.1,¢) = Ipy —Ior {exp -1
L a1 Ve |
[V + IR ]
—1 ex -1
02 P_ @V |
[V 4+ IR, ]
— Ip3 yexp + % -1
L a3 Ve |
V + IR
- : _Imeasured (7)
Ry

where (b = {Ipv, Io1, lo2, Io3, Rs, Rp, as, d, (13}.

Imeasured Tefers to the measured current from the PV module.
Then, the hybrid AV-GWO approach is applied to minimize the
objective function, ¢, and extract the TDM parameters. The prin-
ciple AV-GWO code is created using MATLAB environment (Re-
lease, 2016b).

4. African vultures-grey wolf optimizer overview

Meta-heuristic optimization algorithms play a vital role in var-
ious applications’ optimization and engineering problems. Such
approaches are motivated by foraging creatures and animals in
nature. The AVO algorithm simulates the behavior and foraging
of vultures in nature in terms of obtaining food and feeding
multiple vultures in Africa (Abdollahzadeh et al.,, 2021). The AVO
is a new nature meta-heuristic approach, modeled in 2021 by Ab-
dollahzadeh et al. (2021). In Africa, various types of vultures live,
and each has some lifestyle behaviors in fighting and finding food.
Vultures are constantly traveling great distances in quest of food.
In this travel, vultures move in a rotational flight to find food.
Vultures become aggressive when they are starving. The AVO
approach was evaluated on 36 standard benchmark functions and
was employed to find optimal solutions for eleven engineering
problems (Abdollahzadeh et al., 2021).

4.1. African vultures optimization process

Vultures are classified into two groups in nature, and each has
a different insufficiency in finding food. The vultures have been
searching for food, prompting them to flee the hungry trap. At
first, it was considered that the worst solution is the weakest, and
vultures tend to avoid the worst. AVO considers two of the best
solutions to be the strongest and best vultures, while others try to

Energy Reports 8 (2022) 14888-14900

get close to them. The AVO algorithm is formulated in four steps,
as follows.

Phase 1: Choosing the best vulture from any group

The populations are initially randomized in the search space.
The fitness values of these agents are computed, where the best
agent in the first group is picked as the first-best solution, and
the best agent in the second group is chosen as the second-best
solution. The rest solutions are moved to the first and second
groups by utilizing (8). The whole population is recalculated in
each iteration (Abdollahzadeh et al., 2021).

if pi=1L
if pi=1Ly
where L; and L, represent the probability parameter (p;) that
is utilized to select the first-best vulture and the second-best
vulture, respectively. Besides, these parameters determine the
probability of moving other agents to one of the best solutions

and their values between [0, 1]. This process is performed using
the Roulette wheel mechanism, as in the following formula.

F;
Zin:] F;

where F stands for the vultures’ starvation rate.

Best vulture,
R(i) = (8)

Best vulture;

pi= (9)

Phase 2: The vultures’ starvation rate

African vultures are constantly looking for food and have
tremendous energy when overstuffed, making them fly far away
searching for food. When vultures are starving, they lack the
energy to fly and search for food. Besides, they become more
aggressive. This behavior can be mathematically simulated using
(10) (Abdollahzadeh et al., 2021).

[T iter; w iter;
t=hx|sin”| = x - + | cos” — x - -1
2 itermax—i 2 itermax—i
(10)

iter;
— >+r (11)
1termax—i

F:(Zxrand1+1)><zx(1—

where F stands for the vultures are overstuffed, iter denotes the
current iteration, iter,oc denotes the number of iterations, and
z stands for randomizing number [—1, 1] that changes in each
iteration. h denotes randomizing number [—2, 2]. rand; denotes
a random value [0, 1]. If the z value falls under zero, the vultures
will be hungry, and when this value increases to zero, the vultures
are overstuffed.

Eq. (10) has been employed to escape from local optimal
points. In the AVO algorithm, the exploitation step is carried out
at the algorithm’s final iterations, and the exploration phase is
also done in some final iterations of such an AVO. The main goal
of this strategy is to modify (10) to vary the exploration and
exploitation phases to raise the possibility of eventually joining
the exploratory phase throughout the AVO optimization process.
In (10), w is a fixed parameter affecting the algorithm processes.
When the value of |F| is > 1, vultures look for food in various
locations, and the AVO algorithm begins the exploration phase. If
|F| is < 1, the AVO algorithm reaches the exploitation phase, and
vultures are looking for food near the solutions.

Phase 3: Exploration

The AVO algorithm’s exploration phase is explained in this
step. Vultures have the visual ability to find sick animals. Vultures
spend a long time examining their surroundings and flying vast
distances in quest of food. Vultures in the AVO can check numer-
ous random regions by using two techniques, and a parameter P,
is utilized to choose one of them. This parameter is set before
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the search procedure, and its value ranges [0, 1]. Each vulture
searches for satiation in the surroundings at random.

{Eq. (13) if Py > randp;
P(i+1) = (12)
Eq. (14) if Py < randp,
P(i4+1)=R@{) —D(@) xF (13)
D (i) = |X x R(@) — P ()] (14)

where R (i) denotes one of the best vultures selected and P; is
the vulture position vector. X is a vector coefficient that refers to
the vultures’ unpredictable movement to defend food from other
vultures, which varies with each iteration and can be achieved
using X = 2 x rand. P(i+1) denotes the vulture location in the
next iteration.

P({i+ 1) =R(@i) — F 4+ rand, x ((ub — Ib) x rands + Ib) (15)

where rand, is a random value between [0, 1]. ub and Ib are the
upper and lower limits of the variables. rands is utilized to raise
the coefficient of a random nature. This enhances the variety and
number of searches in various search space areas.

Phase 4: Exploitation

This stage examines the efficiency of the AVO algorithm. If
the value of |F| is < 1, the AVO begins the exploitation phase,
divided into two phases with distinct tactics. P, and P5; indicate
the parameters utilized to choose the strategies available in the
first phase and the second phase, respectively, and their values
between [0, 1].

In the AVO, the exploitation phase occurs when the value |
F| is between [1, 0.5], in which the rotating flight and siege-
fight techniques are performed. P, is valued before the searching
operation to determine whether each strategy is selected. In this
phase, randp,, which denotes a random number between [0,1], is
produced. If randp, > P,, the Siege-fight strategy is performed.
While, if randp, < P, the rotating flight strategy is implemented
as follows.

{Eq. (17) if P, > randp,
Pi+1) = (16)
Eq. (20) if P, < randp;

Food Competitively: When |F| > 0.5, the vultures are over-
stuffed and are high-powered. When many vultures get together
in one food, it can lead to significant conflicts over food acqui-
sition. At some times, vultures do not share food with others.
The weaker vultures try to eat from the healthy ones by gath-
ering around them. This can cause minor conflicts. The following
equations model this step.

P@i+1) =D(i) x (F x randy) — d (t) (17)
d®)=R@{—P® (18)

where F denotes the satiation rate of vultures, rand, refers to
a random number between [0, 1], which is utilized to raise the
random coefficient.

Vultures flying in a circle: Vultures are used to fly in a rotational
flight. Spiral motion has been used to express this flight, which is
established between all vultures and one of the two best vultures.
This stage can be mathematically illustrated as follows:

S, =R (i) x (W) x cos (P (i) (19)
S, = R(i) x (W) x sin (P (i)) (20)
Pli+1)=R(a) — (S +5)) 21)

From the previous Egs., R (i) denotes the location vector of one of
the two best vultures in the existing iteration, which is realized
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using (8), rands and randg are random numbers between [0, 1].
The vultures location is updated using (21).

Second Phase: Exploitation

In the 2nd phase of exploitation, The actions of the two vul-
tures attract many kinds of vultures to the feeding source and
the aggressive life to obtain food. If IF1 < 0.5, this phase is
accomplished. In this phase, randps is generated. If randp; > Ps,
the plan is to gather a variety of vultures around the food supply.
The aggressive fight strategy is performed if the generated value
is < P3.

Eq. (25) if P3 > randps

PGi+1) = 22
+1 {Eq.(ZG) if P3 < randps (22)

Vultures’ gathering over the food source: The vultures’ movement
toward the food source is checked. When several vultures are
hungry, they may get together in one food source. This movement
can be formulated as follows:

. Best Vulturey (i) x P (i)

A1 = Best Vulture (i) — - — X F (23)
Best Vulture; (i) x P (i)
. Best Vulture, (i) x P (i)

A, = Best Vulture, (i) — - — X F (24)
Best Vulture, (i) x P (i)

where Best vulture; (i) and Best vulture, (i) are the best vultures of
the first and second groups, respectively, in the current iteration.

AL+ A
2

Finally, the gathering of vultures is performed using (25). P(i+1)
denotes the vector of the vulture’s location in the next iteration.
Aggressive Competition for Food: When |F| < 0.5, the head vultures
are frail and hungry, and they lack the strength to deal with other
vultures. The other vultures become aggressive in their search for
food. Besides, they travel in different ways toward the vultures’
heads. This motion is modeled as follows:

P@i+1)=R@) — |d(t)| x F x Levy (d) (26)

PGi+1)=

(25)

where d(t) denotes the distance of the vulture to one of the best
vultures of the two groups, which is obtained using (18). Levy
flight (LF) styles are employed to raise the efficiency of the AVO
and can be obtained using the following equation:

o (7B
LF () =001 x 22 %4 = T (14 F) xsin (5) (27)

1

|7 T(1452) x B x2 %)

where d denotes the problem dimensions, u and v stand for
a random number varying between [0, 1], o > 0 denotes the
standard deviation, and 8 is a fixed number of 1.5.

The computational complexity of the AVO approach is based
on the initialization process, fitness assessment, and updating of
vultures. The computational intricacy in the updating process is
determined by looking for the optimal position. The AVO ap-
proach begins with a random population of solutions, which is
enhanced till the process is terminated. The pseudo-code and the
flowchart of the AVO approach are depicted in Figs. 2 and 3,
respectively.

5. Grey wolf optimizer overview

GWO is a meta-heuristic-based swarm intelligence approach
motivated by the grey wolf hunting procedure in nature. The
GWO was introduced by Mirjalili et al. in 2014. Grey wolves
tend to congregate in groups. On average, each group has 5-
12 members, which is divided into four dominating individuals;
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Start the population Size N and Itermax
Outputs: The location of Vulture and its fitness value
Initialize the random population P;i (i=1,2, ........N)
while (stopping condition is not met) do
Calculate the fitness values of Vulture
Set Ppest vulture1 as the location of Vulture (1* best location
Best Vulture Category 1)
Set Ppest valturez as the location of Vulture (2" best location
Best Vulture Category 2 )
For (each Vulture (P;)) do
Select R(i) using (8)
Update F using (11)
if (|F] 2 1) then
if (P1>randp1) then
Update the vulture’s location using (13)
else
Update the vulture’s location using (15)
if (JF| < 1) then
if (|[F| > 0.5 ) then
if (P2> randp: ) then
Update the vulture’s location using (17)
else
Update the vulture’s location using (21)
else
if (P3> randp3) then
Update the vulture’s location using (25)
else
Update the vulture’s location using (26)
Return Psest vuiture 1

Fig. 2. Pseudo-code of the AVO approach.

alpha («), beta (8), delta (8), and omega (w) wolves (Mirjalili et al.,
2014).

In each group, the pack’s leaders and most dominating are
o wolves. They make the decisions about hunting, sleeping, and
when to wake up. Besides, o« wolves follow other wolves in
the pack to achieve democratic behavior. The o wolf is not the
most powerful member of the group, but they are effective in
controlling and arranging the group. The second most dominant
members in the group are B8 wolves. They assist @ wolves in
making choices and other pack operations. When the o wolves
die or get too old, the 8 wolves are the best choices. The primary
function of B wolves is to counsel the o wolves and control the
group. The w wolves are the group’s lowest level, where they are
the last wolves that are allowed to eat. In certain circumstances,
the w wolves serve as the pack’s babysitters. The § wolves are in
charge of sending data to o and 8 wolves. They also control w
wolves. This category includes scouts, elders, hunters, sentinels,
and caregivers. The critical stages of grey wolf hunting are as
follows (Mirjalili et al., 2014):-

1- Following, pursuing, and approaching the target.
2- Encircling and pestering the prey until it comes to a halt.
3- Launch an attack on the prey.

The GWO algorithm is mathematically simulated as follows:-

a. Social Hierarchy

The wolves’ social hierarchy is simulated by assuming the «
wolf to be the first fittest solution. The second and the third fittest
solution are § and § wolves, respectively. The only remaining
option is regarded as the @ wolves. The optimization process, in
general, is guided by «, 8, and § wolves. These wolves are tracked

by @ wolves.
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=

[ Initialize vultures in problem space and set parameters

iter < itemyay

+Yu

[ Evaluate vultures and find fisrt and second best Vultures

Update Vulture’s
position using (26)

Update Vulture’s
position using (13)
Update Vulture’s
position using (17)
Update Vulture’s
position using (21)
Update Vulture’s
position using (25)

Update Vulture’s
position using (15)

P Return first best vulture

Fig. 3. Flowchart of the AVO-Approach.

b. Encircling the Prey
During the hunt, the grey wolves surround the victim. This

process is mathematically simulated as follows:

= [C.Xp (t) — X (V)] (28)

X(t+1) =Xp(t) —AD (29)
where D indicates the dimension of a problem, A and C denote
coefficient vectors, t refers to the current iteration, X (t) and
Xp (t) point out the position vector of the grey wolf and the prey,
respectively. The A and C vectors are determined as follows:
A=2ar—a (30)
C=2n (31)
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During iterations, the components of vector a have linearly
decreased from 2 to 0. r; and r, are random vectors between
[0, 1].

c. Hunting

The grey wolf hunting strategy is modeled by assuming the «
(best candidate solution), 8, and § wolves have enough knowl-
edge about the prey’s position. So, the top three best solutions
produced so far are preserved and used to persuade additional
search agents (including ) to update their positions accord-
ing to the best search agents’ location. This hunting process is
mathematically simulated as follows:

Dy = |C1.Xy — X|, Dg = |G2.X5 — X| D5 = |C3.X5 — X| (32)

X; =X, — A1.Dy, Xo = X5 — Ay.Dg, X3 = X5 — A3.Ds (33)
X1+ X+ X

X({t+1= % (34)

d. Attacking the Prey

The grey wolf closes its hunt by attacking the prey after it
stops moving. The attacking process is mathematically simulated
by decreasing the value of vector a from 2 to 0 during the itera-
tions. It has been noticed that |A| < 1 forces the wolves to assault
the prey. The attacking methodology indicates the exploitation of
the GWO algorithm.

e. Searching for the prey

The grey wolves typically go out in search of prey, according to
the position of «, 8, and § wolves. The wolves begin by splitting
from each other, searching for the prey, and then converging
to assault the prey. It is noticed that |A| >1 causes the wolves
to seek out more fit prey. This divergence strategy depicts the
GWO algorithm’s exploration. The GWO flowchart is depicted in
Fig. 4. The GWO approach begins with a random population of
grey wolves and works its way up to the best candidate solution
(Xy). The GWO was successfully applied to solving various opti-
mization issues, as mentioned in El-Fergany and Hasanien (2015)
and Soliman et al. (2018). The GWO has some merits, including
simple to perform, a free-derivative algorithm, fewer operators to
fine-tune, and it can save information about the search space via
iterations and saves the best-obtained solution.

6. Hybrid african vultures-grey wolf optimizer overview

At present, the hybridization of two or more algorithms has
become famous for detecting enhanced solutions to optimization
problems. Several sets of well-known optimization approaches
have been integrated into hybrid algorithms to become more
effective in dealing with practical challenges.

When GWO explores an individual with a good fitness value,
poor global search ability happens, making it possible to fall into
the local optima. AVO algorithm updates the vultures’ location
with a given probability independent of the search path and in
random directions. Therefore, moving from one region to another
in AVO is more straightforward. As a result, AVO is a beneficial
technique for GWO enhancement. This signifies that AVO is em-
ployed to update the location’s current search agent and get a
new set. Fig. 5 indicates the flowchart of the integrated AV-GWO
approach.

As previously indicated, one of the most current integrations
of optimization algorithms is the AVO with the GWO, where the
AVO is applied to update the key-group parameters in GWO, as
illustrated in the flow chart. The novel hybrid AV-GWO approach
provides efficient solutions to optimization challenges.

In that regard, to modify the locations, convergence precisions,
and speeds of the grey wolf agent («), the position-updated
formula of the AVO is applied to strike a balance between re-
searching, exploiting, and expanding the convergence attitude
of the GWO approach. Consider the GWO algorithm’s remaining
procedure as it is.
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Initial a random population of » grey wolves
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‘ Initialization of the GWO parameters ‘
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‘ Calculate the fitness value of each search agent l

v

Calculate X,,, Xp and X,

Py

| For each search agent, update the position using (34) ‘

v

‘ Update the GWO parameters ‘

v

Calculate the fitness value of each search agent ‘

v

Calculate X, Xp and X 5

Convergence
criteria
satisfied?

Determine the optimal solution X,

Fig. 4. Flowchart of The GWO approach.

7. Simulation analyses and discussion

This section exhibits the optimization and simulation out-
comes for the TDM of PV cells using the hybrid AV-GWO ap-
proach. These approaches are presented to design the nine elec-
trical parameters of the TDM of two practical PV panels, ie.,
Kyocera KC200GT (Kyocera, 2018) and Solarex MSX-60 (Solarex,
2018) PV panels. These panels utilized different cell types (Multi-
crystalline or Polycrystalline). These famous PV cells are utilized
to validate the performance of the offered TDM. Table 1 depicts
the behaviors of famous PV panels recorded under the STC. The
primary purpose of these commercial PV panels is to validate the
efficacy of the hybrid AV-GWO approach-based TDM compared
to other approaches-based TDM.

7.1. Optimization results

The optimization outcomes are achieved by minimizing the
fitness function () in (6) using the proposed hybrid AV-GWO
approach and other optimization methods. Notably, the optimiza-
tion process, simulation, and numerical data for all approaches
are designed using MATLAB 2016b (Release, 2016b) and per-
formed using a laptop running Windows 10 Enterprise 64-bit
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Initialization of grey wolves “search agents”

v

‘ Coefficients initialization ‘

v

’ Calculate agent fitness ‘

v

‘ Find search agents ‘

Update position of current
search agent by AVO

v

Update coefficients
Display best search agent &
* fitness value
Calculate search *
agents fitness TN
End

‘ Update search agents ‘

Iter = Iter +1

Fig. 5. Flowchart of the offered hybrid AV-GWO approach.

Table 1
Datasheet of two marketable PV panels.

Company Kyocera (2018) Solarex (2018)
Model KC200GT MSX-60

Cell Type Multi-crystal Polycrystalline
P [W] 200 60

Vi [V] 26.3 17.1

In [A] 761 35

VocV] 329 21.1

Ise [A] 8.21 3.8

N [cell] 54 36

K [A]°C] 0.00318 0.00065

Ky [V[°C] —0.123 -0.08

and outfitted with Inter(R) Core(TM) i7-4510 CPU @2.00 GHz
2.60 GHz processor and installed 16 GB RAM. The proper setting
of the hybrid AV-GWO approach is depicted in Table 2. These
settings are chosen based on the tradeoff between algorithm
precision and intricacy. They are adjusted using the trial-and-
error approach, a general method for adapting the algorithm
parameters. In the optimization process, the hybrid AV-GWO
was terminated after a high number of separate runs, around
thirty runs of the offered approach for the practical PV modules.
The provided hybrid AV-GWO has achieved the optimal solution
faster than other approaches and attained the lowest fitness
values that recorded 8.475e—13 and 7.412e—12 for KC200GT
and MSX-60, respectively. Fig. 6 shows the best fitness value
convergence curves using these marketable PV panels, indicating
a very fast convergence speed. The optimal nine parameters of
the TDM for both PV panels are mentioned in Table 3.

To confirm the soundness of the achieved designed variables,
a fair comparison is done using the hybrid AV-GWO approach,
the SOA, the simulated annealing (SA), WOA, GWO, and AVO
for the two mentioned PV panels and indicated in Tables 4-5.

Energy Reports 8 (2022) 14888-14900

Table 2
Characteristics of the hybrid AV-GWO approach.
No. of iterations 500
No. of search agents 30
No. of variables 9
Ly 0.7
Ly 0.3
w 3
Py 0.6
P, 0.4
Ps 0.6
No. of grey wolves 9
Table 3
Optimal nine parameters using AVO approach.
Parameter KC200GT MSX-60
Ipy [A] 8.2541 35712
R, [€2] 334.185 282.156
Rs [2] 0.3698 0.17194
a; 13158 1.4162
a 1.1985 1.0126
as 1.5625 1.3185
Io1 [A] 2.745e—08 2.941e—08
loz [A] 4.925e—10 3.419e—-10
los [A] 4.573e—10 4.097e—10
3
x 10
1.6
— KC200GT
N e MSX-60
1.2
ll
2
g i
>
» 0.8[
w
Q ]
£ el
E 0.6 :
1
0.4 i
1
\
0.2} 5
1
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0 |
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Number of global iterations

Fig. 6. Fitness function convergence for two marketable PV panels.

Notably, for the two PV panels, the optimum parameters obtained
using the hybrid AV-GWO are comparable to those obtained
using other algorithms. They are within the allowable limit of PV
modeling precision. As a result, the hybrid AV-GWO approach-
TDM is a very competitive technology to those established PV
models.

7.2. Computational and statistical analysis

Table 6 displays the calculation times for the meta-heuristic
approaches utilized in this study, in which the hybrid AV-GWO
takes the shortest time. Moreover, Tables 7-8 indicate the statisti-
cal analysis, such as average and standard deviation, to evaluate
the optimal values for the two marketable PV panels using dif-
ferent optimization algorithms. Obviously, the novel hybrid AV-
GWO has achieved the lowest standard deviation, median, and
variance values compared to other approaches, which refers to
the superior performance and good design of the novel hybrid
AV-GWO approach.
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Table 4
Comparison of optimal TDM parameters for KC200GT.
Parameter SOA SA WOA GWO AVO AV-GWO
Ipy [A] 8.21213 8.25 8.231 8.129 8.419 8.2541
R, [2] 606.1219 327.597 341.387 351.264 361.821 334.185
Rs [2] 0.23796 0.378 0.3421 0.3491 0.3581 0.3698
a; 1.2481 1.199 1.32 1.208 1.307 1.3158
a; 1.991 1.2 1.236 1.172 1.137 1.1985
as 1.8421 1.48 1.0216 1.4272 1.5061 1.5625
Io1 [A] 4.30e—08 1.78e—08 2.692e—08 2.578e—8 2.642e—08 2.745e—08
Iz [A] 2.22e—10 3.76e—10 4.678e—10 4.472e—10 4.814e—10 4.925e—10
Ios [A] 1.35e—6 4.62e—10 4.927e—10 4.973e—10 4.649e—10 4.573e—10
Fitness value 7.391e—11 8.469e—11 5.1497e—11 6.149e—11 7.249e—12 8.475e—13
Table 5
Comparison of optimal TDM parameters for MSX-60.
Parameter SOA SA WOA GWO AVO AV-GWO
Iy [A] 3.80111 3.792 3.756 3.642 3.491 3.5712
R, [2] 578.3468 298.59 277.37 280.41 281.974 282.156
R [Q2] 0.20598 0.211 0.195 0.1851 0.6972 0.17194
aq 1.282 1.29 1.30 1.362 1.3901 1.4162
ay 1.8043 1.22 1.23 1.1812 1.0841 1.0126
as 1.4364 1.28 1.13 1.174 1.3024 1.3185
Io1 [A] 4.98e—8 1.98e—8 2.19e—8 2.842e—08 2.904e—08 2.941e—-08
Iz [A] 7.24e—10 4.76e—10 3.68e—10 3.541e—10 3.414e—10 3.419e—10
Ios [A] 1.42e—7 2.62e—10 3.97e—10 4.017e—10 4,076e—10 4.097e—10
Fitness value 8.167e—11 3.149e—10 4.195e—11 6.149e—10 3.974e—11 7.412e—12
Table 6
Computing time of applied optimization methods in seconds.
PV cell SOA SA WOA GWO AVO AV-GWO
KC200GT 0.5621 (s) 0.5314 (s) 0.4836 (s) 0.4694 (s) 0.4410 (s) 0.4341 (s)
MSX-60 0.4621 (s) 0.4376 (s) 0.3697 (s) 0.3416 (s) 0.3301 (s) 0.3142 (s)
Table 7
Statistical analysis of fitness function for thirty separate runs for modeling of KC200GT.
Statistical analysis SOA SA WOA GWO AVO AV-GWO
Minimum 7.391e—11 8.469e—11 5.1497e—11 6.149e—11 7.249e—12 8.475e—13
Average 4.348e—10 4.927e—10 3.761e—10 3.173e—10 3.491e—11 4.268e—12
Standard 5.972e—10 6.491e—10 4.649e—10 4.975e—10 4.691e—11 5.475e—12
Table 8
Statistical analysis of fitness function for thirty separate runs for modeling of MSX-60.
Statistical analysis SOA SA WOA GWO AVO AV-GWO
Minimum 8.167e—11 3.149e—10 4.195e—11 6.149e—10 3.974e—11 7.412e—12
Average 4.192e—10 1.279e—9 2.178e—10 3.495e—9 1.373e—10 4.973e—11
Standard 6.184e—10 2.135e—9 3.197e—10 4.719e—9 2.349e—10 6.794e—11

7.3. Simulation outcomes under different environmental conditions

PV modules are susceptible to various environmental parame-
ters, the most important of which are solar radiations and am-
bient temperature that affect the output current of PVs. The
numerical results of the TDMs for the two commercial PV pan-
els are compared with the measured data under various tem-
peratures and solar irradiations to validate the efficacy of the
AV-GWO-based TDM. The estimated TDM for the KC200GT PV
panel is examined under different temperatures and constant G
= 1000 W/m?. Fig. 7(a)&(b) compares the I-V and P-V behav-
iors using the hybrid AV-GWO algorithm-based TDM with their
experimental data for the KC200GT PV panel under several tem-
peratures. It can be noted that the numerical results are matched
with the experimental results using the hybrid AV-GWO-based
TDM, which refers to the superiority of the offered approach for
the PV panel. In addition, it is illustrated that the open circuit

voltage and power fall as the temperature rises, whereas the short
circuit current marginally rises. Moreover, the estimated TDM
is examined under various irradiations and constant T = 25 °C
for the KC200GT PV panel. Fig. 8(a)&(b) illustrates the I-V and
P-V relationships of the hybrid AV-GWO-based TDM compared
with their experimental data for the KC200GT PV module under
various irradiations and constant T = 25 °C.

It is noted that there are no differences in the numerical and
experimental results, which refers to the validity of the novel
hybrid AV-GWO approach-TDM. Additionally, it is indicated that
short circuit current drops when solar radiation falls, yet, open
circuit voltage decreases somewhat as solar radiation lowers.

Fig. 9(a)&(b) indicates the I-V and P-V behaviors for the
MSX-60 PV panel under various temperatures and constant G
= 1000 W/m? using the AV-GWO algorithm-based TDM PV
module. Notably, the numerical and measured results are close
to this PV panel. So, the TDM can be utilized to determine the
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Fig. 7. Numerical outcomes and measured data of the KC200GT PV panel at
several T, G = 1000 W/m?. (a) I-V curves. (b) P-V curves.

electrical parameters of any PV panel and reasonably confirm the
soundness of the AV-GWO approach.

Notably, all the measured values for actual PV panels are
obtained on the outside surface of a Campus building roof. A
real KC200GT PV panel (Kyocera, 2018) used in the experimental
test is mentioned in Fig. 10(a). The PV panels are housed in an
open-glassed container with flowing cold or hot to adjust the
PV panels’ ambient temperature, as depicted in Fig. 10(b). The
experiment was carried out on 20 August 2021 at the Faculty
of Engineering, Ain Shams University, Cairo, Egypt. The I & V
values for both actual PV modules are measured with an am-
meter and a voltmeter under various climatic circumstances. A
variable resistor with a nominal value of 39 Q is employed to
record the I & V values at short-circuit, open-circuit, and varied
load situations. The solar irradiation is measured using a silicon
cell Pyranometer SP-110-SS with 5 W/m? per mV element of
calibration and £5% uncertainty in calibration. Moreover, a high
probe infrared electronic thermometer temperature device with
a setting of £1 °C, whose range is [—32, 550 °C], is used to record
the temperature.
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Fig. 8. Numerical outcomes and measured data of the KC200GT PV panel at
various G and T = 25 °C. (a) I-V curves. (b) P-V curves.

For additional confirmation of the offered model, the ACE of
the hybrid AV-GWO algorithm-based TDM related to the mea-
sured results is paralleled with other PV models, such as the
WOA-based TDM (Elazab et al., 2018) and the iteration method-
based TDM (Villalva et al., 2009) for the KC200GT and MSX-60
PV panels, which are indicated in Fig. 11(a)&(b). It can be noted
here that the ACE of the hybrid AV-GWO-based TDM is signif-
icantly smaller than that of other PV models, which refers to
the superiority of the proposed TDM, especially at the enclosure
of all PV panel practical applications. The excellent efficiency
and preciseness of the AV-GWO-based TDM refer to the suitable
design of the hybrid AV-GWO approach.

8. Conclusion

A novel hybrid AV-GWO algorithm and a new fitness function
to accurately identify the TDM PV parameters are proposed in this
paper. The principle goal here is to achieve a precise model for
any practical PV modules, which is critical in the simulation anal-
yses of grid-integrated PV power plants. The PV cell is described
by a nonlinear I-V characteristic, which includes nine parameters
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Fig. 9. Numerical and measured outcomes of the MSX-60 PV panel at various
T, G = 1000 W/m?. (a) I-V curves. (b) P-V curves.

due to the insufficiency of information supplied in the datasheet
of such PV cells. In the optimization process, the hybrid AV-
GWO minimizes the fitness function designed by the sum of the
absolute current error, the squared current error, and the current
error to the power of four. Hence, the nine TDM parameters
of the PV panel can be extracted. Different comparisons were
made to confirm the soundness of the proposed TDM using the
hybrid AV-GWO technology. The AV-GWO approach was used to
determine the parameters for two practical PV panels precisely. It
is worth noting that the optimal nine parameters retrieved using
the hybrid AV-GWO methodology are close to those obtained
using other optimization methods. The AV-GWO has yielded
lower optimum fitness values of 8.475e—13 and 7.412e—12 for
KC200GT and MSX-60 PV panels. In addition, the AV-GWO has
recorded the shortest computing time in 0.43412 (s) and 0.3142
(s) for KC200GT and MSX-60 PV panels, respectively. Moreover,
the simulation evaluations of the hybrid AV-GWO-based TDM
agree with the measured results under various environmental
circumstances, and the error between these results is less than
0.4%. Furthermore, the hybrid AV-GWO approach has achieved
a fast convergence speed and the best statistical optimization
outcomes, which has proved the robustness of the AV-GWO in
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Fig. 10. Experimental set-up. (a) Practical KC200GT PV panel in the laboratory.
(b) PV temperature regulation.

designing the optimum TDM parameters compared to the other
approaches. For these actual PV modules, the ACE of the AV-
GWO-based TDM related to the measured data has revealed a
lower value over other PV models, which indicates the high
performance of the offered approach in creating an accurate
TDM-based PV module. The hybrid AV-GWO approach can realize
the electrical parameters of any marketable PV panel.

For future work, the hybrid AV-GWO algorithm will be applied
to design the controllers’ parameters utilized in different energy
conversion systems.
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