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Abstract: The environmental and technical benefits of renewable energy sources make expanding
their use essential in our lives. The main source of renewable energy used in this work is photovoltaic
energy. Photovoltaic cells are a clean energy source dependent on solar irradiance to generate
electricity from sunlight. The identification of solar cell variables is one of the main items in the
simulation and modeling of photovoltaic models. The models used in this work are triple-diode,
double-diode, and single-diode solar cells. A novel optimization method called weighted mean
of vectors (INFO) is applied for estimating the solar cell variables in the three models. The fitness
function of identification is to minimize the root-mean-square error (RMSE) between the measured
data of current and the data of simulated current based on the parameters identified from the
algorithms. The INFO technique is compared with another seven methods: Harris hawk optimization
(HHO), tunicate swarm algorithm (TSA), sine—cosine algorithm (SCA), moth–flame optimizer
(MFO), grey wolf optimization (GWO), chimp optimization algorithm (ChOA), and Runge–Kutta
optimization (RUN).

Keywords: photovoltaic; parameter identification; triple-diode model; single-diode model;
double-diode model; optimization

1. Introduction

Sources of renewable energy (RE) have appeared as a possible alternative due to
the unstable nature of the fossil fuels’ prices, solid wastes, and pollution [1–3]. One of
the main types of RE is solar energy (SE), due to its low maintenance, near-conventional
production processes, global distribution and noise-free operation [4,5]. Photovoltaic (PV)
systems are systems that use solar radiation to generate electricity [6]. Satellites [7], water
desalination [8,9], and heating and cooling [10] are the main applications of PV systems.

The solar cells have several models according to the number of diodes connected in
the model, e.g., single-diode (SD), double-diode (DD), and three-diode (TD) models, and
their modifications [11,12]. The identification of parasitic variables from the solar cell is also
important to obtain the best performance [13]. The number of variables is dependent on the
model: the single-diode model and its modification have 5 and 6 parameters, respectively;
the double-diode model and its modification have 7 and 8 parameters, respectively; the
triple-diode model and its modification have 9 and 10 parameters, respectively [14,15].
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The estimation of theses parameters can be solved via two categories: metaheuristic
techniques, and iterative methods. In [16], a mathematical model for the SD model is
discussed. Improvement of power generated from solar cells is included in [17]. The
I–V characteristics are determined as nonlinear characteristics based on three points [18].
Iterative solutions have been applied to identify the PV variables in [19–22], such as the
Lambert W function [19], maximum-likelihood-based Newton–Raphson [20], linear least
squares [21], and Gauss–Seidel methods [22]. Furthermore, several works neglect some
variables, or make assumptions to decrease the number of parameters required to be
estimated [23–25].

The merits of metaheuristic methods provide confirmation of the validity of alternative
methods for solving complex optimization problems [26–30]. The main problem in this
work is the identification of solar cell variables using a novel algorithm. This work was dis-
cussed previously using several techniques, such as differential evolution [31], bacterial for-
aging algorithm [32], artificial bee swarm [33], generalized oppositional teaching–learning-
based optimization [34], slap swarm algorithm [35], particle swarm optimization [36],
Nelder–Mead modified particle swarm optimization [37], chaos particle swarm optimiza-
tion [38], cat swarm optimization [39], harmony search [40], genetic algorithms [41], cuckoo
search algorithm [42], improved adaptive differential evolution [43], simulated anneal-
ing [44], and pattern search [45].

This work contributes to the literature in the following ways:

• A novel optimization method (INFO) is applied to estimate the variables of three
models of solar cell: the three-diode model of solar cell (TDMSC), double-diode model
of solar cell (DDMSC), and single-diode model of solar cell (SDMSC).

• The fitness function of the identification work is to minimize the RSME between the
measured data of current and the data of simulated current based on the parameters
identified from the algorithms.

• The INFO technique is compared with another seven methods: Harris hawk optimiza-
tion, tunicate swarm algorithm, sine–cosine algorithm, moth–flame optimizer, grey
wolf optimization, chimp optimization algorithm, and Runge–Kutta Optimization.

• The statistical analysis is applied to measure and assess the performance of the pro-
posed RUN algorithm along with all competing algorithms. The analysis contains
several points, such as the mean, minimum, maximum, and standard deviation for
the objective function over 30 independent runs.

• The fastest and most reliable algorithm is determined according to the convergence
and robustness curves for all algorithms.

• The efficiency of the INFO method is also determined based on the absolute error
values of current and power among both measured and simulated data.

The rest of this work is arranged as follows: The mathematical models of the three
solar cell models are analyzed in Section 2, whereas Section 3 discuss the fitness function
of identifying the solar cell parameters. The mathematical definition of weighted mean is
analyzed in Section 4. Section 5 explains the INFO algorithm. The results of the estimated
parameters for TDMSC, DDMSC, and SDMSC are discussed in Section 6. Finally, the
conclusion of this paper is presented in Section 7.

2. Problem Formulation of Solar Cell Models

There are three solar cell models used in this work: the three-diode model of solar
cell (TDMSC), double-diode model of solar cell (DDMSC), and single-diode model of solar
cell (SDMSC).

2.1. Analysis of SDMCS

The SDMSC equivalent circuit is explained in Figure 1. The SDMSC mathematical
equations are described as follows:

I = Ipv − ID1 − Ish (1)
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I = Ipv − Ih1

[
e

q(V+IRs)
n1KTc − 1

]
− V + IRs

Rsh
(2)

where the SDMSC current output is I, Ipv represents the generated light current, Ish indicates
the shunt resistor current, ID1 is the current in diode, Rs is the series resistance, Rsh is the
parallel resistance, n1 is the diode emission factor, the charge of the electron is q, the
Boltzmann constant is K, and the temperature of the cell is Tc.
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2.2. Analysis of DDMSC

The DDMSC equivalent circuit is explained in Figure 2. The DDMSC mathematical
equations are described as follows:

I = Ipv − ID1 − ID2 − Ish (3)

I = Ipv − Ih1

[
e

q(V+IRs)
n1KTc − 1

]
− Ih2

[
e

q(V+IRs)
n2KTc − 1

]
− V + IRs

Rsh
(4)

where ID2 denotes the current in the second diode, and n2 is the emission factor for the
second diode.
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2.3. Analysis of TDMSC

The TDMSC equivalent circuit is explained in Figure 3. The TDMSC mathematical
equations are described as follows:

I = Ipv − ID1 − ID2 − ID3 − Ish (5)
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I = Ipv − Ih1

[
e

q(V+IRs)
n1KTc − 1

]
− Ih2

[
e

q(V+IRs)
n2KTc − 1

]
− Ih3

[
e

q(V+IRs)
n3KTc − 1

]
− V + IRs

Rsh
(6)

where ID3 denotes the current flow from the third diode, and n3 represents the ideality
factor in the third diode.
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3. Fitness Function for Identifying the Parameters of the Solar Cell

The boundaries of the parameters and the fitness function are the two main items in
any problem solved using optimization algorithms. The fitness function of the solar cell
problem used in this work is to minimize the RMSE. The RMSE mathematical equation is
as follows:

J(V. I. X) = Isim − Iexp (7)

RMSE =

√√√√ 1
N

N

∑
i=1

(J(V. I. X))2 (8)

where Iexp denotes the measured recorded current data, whereas N represents the number
of samples, and X represents the estimated variables.

The estimated parameters for the SDSCM are X =
{(

Rs. Ih1. n1. Rsh and Ipv
)}

. The
estimated variables for the DDSCM are X =

{(
Rs. Ih1. n1 . Rsh . Ipv . Ih2 and n2

)}
. The

estimated variables for the TDSCM are X =
{(

Rs. Ih1. n1. Rsh . Ipv . Ih2 . n2 . Ih3 and n3
)}

.
(Table 1).

Table 1. The lower and upper bounds of the variables.

Parameters Lower Bound Upper Bound

Ipv 0 1

Rs 0 0.5

Ih1 . Ih2 and Ih3(µA) 0 1

n1 . n2 and n3 1 2

Rsh 0 100

4. Weighted Mean Definition

The optimization algorithmic method used in this paper is based upon a weighted
mean that shows a unique location within the object or system [46]. The detailed definition
of that concept is given in this section.

Weighted Mean Definition from a Mathematical Point of View

For any set of vectors, the mean represents the average of their positions xi, and is
weighted by the vector’s fitness (wi). The weighted mean for a set of solutions is depicted
in Figure 4, where the solutions (vectors) of bigger weights show better efficiency in
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computing the solutions’ weighted mean. Equation (9) is implemented to compute the
weighted mean (WM):

WM =
∑N

i=1 xi × wi

∑N
i=1 wi

(9)

where N represents the number of vectors. To give an optimal explanation, WM can be
treated as two vectors by using Equation (10):

WM =
x1 × w1 + x2 × w2

w1 + w2
(10)
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where 𝜔𝜔 represents a constant number, namely, the dilation parameter. 
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In this regard, the weight of every vector in this work was computed by employing
wavelet function (WF) [46]. Generally speaking, the wavelet is utilized as a useful tool to
model seismic signals through compounding translations as well as dilations for oscillatory
function (e.g., mother wavelet) over a finite period. This function is utilized to ensure
efficient fluctuations throughout the optimization operation. The mother wavelet employed
in this work is depicted in Figure 5, and is defined by the following equation:

w = cos(x)× exp
(

x2

ω

)
(11)

where ω represents a constant number, namely, the dilation parameter.
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Figure 6a and depicts three vectors, whereas Figure 6c depicts the differences between
them. Equations (12)–(15) are implemented to determine the weighted mean of the vectors:

WM =
w1 × (x1 − x2) + w2 × (x1 − x3) + w3 × (x2 − x3)

w1 + w2 + w3
(12)
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in which:

w1 = cos(( f (x1)− f (x2)) + π)× exp
(
−
∣∣∣∣ f (x1)− f (x2)

ω

∣∣∣∣) (13)

w2 = cos(( f (x1)− f (x3)) + π)× exp
(
−
∣∣∣∣ f (x1)− f (x3)

ω

∣∣∣∣) (14)

w3 = cos(( f (x2)− f (x3)) + π)× exp
(
−
∣∣∣∣ f (x2)− f (x3)

ω

∣∣∣∣) (15)

where f (x) the indicates fitness function of the vector x.
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5. The Weighted Mean from Vectors Algorithm

The algorithm of weighted mean from vectors (INFO) is a population-based algo-
rithm for optimization purposes that computes the weighted mean of a set of vectors
within the search space. In this context, the population encompasses a group of vectors
that show potential solutions. This algorithm reaches the optimal solution across many
successive generations.

The vectors’ positions are updated by three operators in each generation:

Phase 1: Updating rules;
Phase 2: Vector combination;
Phase 3: Local search.

Herein, an objective function minimization issue is considered as an example.

5.1. The Initialization Phase

The INFO algorithm encompasses a population of NP vectors in a D-dimensional
search space (Xg

i,g =
{

xg
l,1, xg

l,2, . . . , xg
l,D

}
, l = 1, 2, . . . , NP). Some of the control parameters

are given and defined with the INFO algorithm in this step, including two principle
parameters: the weighted mean factor (δ) and scaling factor (σ).

In general, the scaling rate amplifies the obtained vector through the operator of
updating rules, which depends on the search domain size.

Furthermore, the σ factor scales the vectors’ weighted mean. Its value is set according
to the problems’ feasible search domain, and reduced depending on an exponential formula.
There is no need for the user to adjust these two parameters, as they dynamically change
based upon generation. The INFO algorithm utilizes a simple method to produce the initial
vectors, namely, random generation.

5.2. The Rule-Updating Phase

Chameleons possess the capacity to identify the position of their prey by rotating their
eyes. This rotational feature assists them in spotting their prey over 360 degrees [46]. The
accompanying steps take place in such a manner.
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The operator of updating rules in the INFO algorithm increases the population’s
diversity through the search procedure. This operator utilizes the weighted mean of vectors
in creating new vectors. Moreover, this operator discriminates the INFO algorithm from
the other algorithms, and comprises two principle parts: In the first part, the mean-based
rule is extracted from the weighted mean of a group of random vectors. The mean-based
approach starts from initial random solution, and then moves to the subsequent solution
by utilizing the information of weighted mean from set of randomly chosen vectors. The
convergence acceleration is represented in the second part, which improves convergence
speed and boosts the algorithm’s performance in finding optimal solutions.

Generally, INFO first utilizes a set of randomly chosen differential vectors in order to
derive the weighted mean from vectors, rather than changing the position of the current
vector toward an optimal solution. In this study, the mean rule considers raising the
population’s diversity depending on the best, worst, and better solutions. It should be
noted that determining the best solution is randomly implemented from the top five
solutions (with regard to objective function value). Thus, the mean-based rule, as defined
in Equation (16), is conducted to a MeanRule:

MeanRule = r×WM1g
l + (1− r)×WM2g

l , l = 1, 2, . . . , Np (16)

WM1g
l = δ× w1(xa1−xa2)+w2(xa1−xa3)+w3(xa2−xa3)

w1+w2+w3+ε + ε× rand , l = 1, 2, . . . , Np (17)

where:

w1 = cos(( f (xa1)− f (xa2)) + π)× exp
(
−
∣∣∣∣ f (xa1)− f (xa2)

ω

∣∣∣∣) (18)

w2 = cos(( f (xa1)− f (xa3)) + π)× exp
(
−
∣∣∣∣ f (xa1)− f (xa3)

ω

∣∣∣∣) (19)

w3 = cos(( f (xa2)− f (xa3)) + π)× exp
(
−
∣∣∣∣ f (xa2)− f (xa3)

ω

∣∣∣∣) (20)

ω = max( f (xa1), f (xa2), f (xa3)) (21)

WM2g
l = δ× w1×(xbs−xbt)+w2(xbs−xws)+w3(xbt−xws)

w1+w2+w3+ε +ε× rand, l = 1, 2, . . . , NP (22)

where:

w1 = cos(( f (xbs)− f (xbt)) + π)× exp
(
−
∣∣∣∣ f (xbs)− f (xbt)

ω

∣∣∣∣) (23)

w2 = cos(( f (xbs)− f (xws)) + π)× exp
(
−
∣∣∣∣ f (xbs)− f (xws)

ω

∣∣∣∣) (24)

w3 = cos(( f (xbt)− f (xws)) + π)× exp
(
−
∣∣∣∣ f (xbt)− f (xws)

ω

∣∣∣∣) (25)

ω = f (xws) (26)

where f (x) refers to the objective function value; a1 6= a2 6= a3 6= l represent different
integers chosen randomly from the [1, NP] range; ε denotes a constant number with a very
small value; randn represents a random value distributed normally; and xbs, xws, and xbt
denote the best, worst, and better solutions over all vectors within the population in each
gth generation, respectively. These solutions are decided after arranging the solutions in
each iteration. r denotes a random number from the [0, 0.5] range, whereas w1, w2, and
w3 denote three WFs utilized to compute the weighted mean of vectors that promote the
algorithm of INFO to globally search within the solution space.

In fact, the WFs are utilized to change the MeanRule space depending on the wavelet
theory, for two purposes: (1) to help the algorithm to efficiently explore the search do-
main in order to achieve better solutions by creating effective oscillation throughout the
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optimization operation; and (2) to produce fine-tuning by controlling the dilation-related
parameters given in the WFs, so as to adjust the WFs’ amplitude. The dilation parameter’s
value in this work was varied based on Equation (9) throughout the optimization operation.
In Equation (27), δ represents the scale factor, whereas β can be varied according to an
exponential function given in Equation (28):

δ = 2β× rand− β (27)

β = 2 exp
(
−4× g

Maxg

)
(28)

where Maxg represents the maximum number of generations.
The part specified to convergence acceleration (CA) is also added to the operator of

updating rules to promote the global search capability, by using the optimal vector to
change the position of the current vector within the search space. Accordingly, the INFO
algorithm supposes that the nearest solution for global optima is the optimal solution. In
fact, CA assists the movement of vectors in better directions. The CA given in Equation (29)
is multiplied by a number that is random and lies in the [0, 1] (rand) range, to confirm that
every vector has a different step size at every generation in INFO:

CA = randn× (xbs − xa1)

( f (xbs)− f (xa1) + ε)
(29)

where randn represents a random number that has normal distribution. Equation (30) is
implemented to compute the new vector as follows:

zg
l = xg

l + σ×MeanRule + CA (30)

In general, an optimization algorithm has to conduct a global search so as to dis-
cover the promising spaces within the search domain (namely, the exploration phase). In
this regard, the following scheme is implemented for updating rules by using xbs, xbt, xg

l ,
and xg

a1:

i f rand < 0.5

zg
l = xg

l + σ×MeanRule + randn× (xbs−xg
a1)

( f (xbs)− f (xg
a1)+1)

z2g
l = xbs + σ×MeanRule + randn× (xg

a1−xg
b)

( f (xg
a1)− f (xg

a2)+1)
else

z1g
l = xg

a + σ×MeanRule + randn× (xg
a2−xg

a3)
( f (xg

a2)− f (xg
a3)+1)

z2g
i = xbs + σ×MeanRule + randn× (xg

a1−xg
a2)

( f (xg
a1)− f (xg

a2)+1)
end

(31)

where z1g
l and z2g

l represent the new vectors for the gth generation, and σ denotes the
scaling rate for a vector, as formulated in Equation (32). In Equation (33), α is changed
according to the exponential function formulated in Equation (33):

σ = 2α× rand− α (32)

α = cexp
(
−d× g

Maxg

)
(33)

where c and d represent constant numbers—c = 2 and d = 4. It should be noted that using
large values for the parameter σ makes the current position tend to diverge from the vectors’
weighted mean (i.e., exploration search), whereas small values for that parameter force the
current position to move toward the vectors’ weighted mean (i.e., exploitation search).
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5.3. The Vector-Combining Phase

For improving the population’s diversity in the INFO algorithm, according to
Equations (34)–(36), the two vectors previously computed (z1g

l and z2g
l ) are integrated

with vector xg
l with regard to the rand > 0.5 condition, to produce the new vector ug

l . This
operator is employed to boost the capability of the search to obtain a promising new vector:

i f rand < 0.5

i f rand < 0.5

ug
l = zlg

l + µ.
∣∣∣zlg

l − z2g
l

∣∣∣ (34)

else

ug
l = z2g

l + µ.
∣∣∣zlg

l − z2g
l

∣∣∣ (35)

end

else

ug
l = xg

l (36)

end

where ug
l denotes the resulting vector employing vector combination at the gth generation,

whereas µ is equivalent to 0.05× randn.

5.4. The Local Search Phase

Efficient local search capability helps to prevent the INFO algorithm from deception
and becoming trapped in locally optimal solutions. Accordingly, the local operator has to
be taken into consideration using the (xg

best) global position as well as the mean-based rule
formulated in Equation (39), so as to further boost the search, exploitation process, and
convergence to the global optima. Depending on this operator, a new vector is generated
around xg

best; if rand < 0.5, rand represents a random value from the [0, 1] range:

i f rand < 0.5

i f rand < 0.5

ug
l = xs

b + randn×
(

MeanRule + randn×
(

xg
bs − xg

al

))
(37)

else

ug
l = xrnd + randn× (MeanRule + randn× (v1 × xbs − v2 × xrnd)) (38)

end

end

in which

xrnd = ∅× xavg + (1−∅)× (∅× xbt + (1−∅)× xbs) (39)

xavg =
(xa + xb + x3)

3
(40)

where ∅ indicates a random number from the (0, 1) range, and xrnd denotes a new solution
that integrates the solutions’ components xbt, xbs, and xavg randomly. This increases the
random nature of the algorithm to facilitate optimal searching the solution domain. v1 and
v2 represent two random numbers, which are defined as follows:

v1 =

{
2× rand i f p > 0.5
1 otherwise

(41)
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v2 =

{
rand i f p < 0.5
1 otherwise

(42)

where p indicates a random number from the (0, 1) range. These random numbers (v1
and v2) can raise the quality of the optimal position of the vector. Eventually, Algorithm 1
illustrates the INFO algorithm. The calculation of complexity for the optimization algorithm
is utilized to evaluate the runtime, which can be determined according to an algorithm’s
structure. INFO’s computational complexity relies on the number of vectors, in addition to
the total number of iterations and the number of objects, which is computed as follows:

O(CMV) = O(T × (N × d)) = O(TNd) (43)

where N indicates the number of vectors (population size), T denotes the maximum number
of generations, and d represents the number of objects.

Algorithm 1: The pseudocode for the INFO algorithm

Set the parameters of NP and Maxg
Produce the initial population Pop0 =

{
X0

k , . . . , X0
NP
}

Compute an objective function value from each vector: f
(
X0

k
)
, k = 1, . . . , NP.

Determine the optimal vector xbest.
Do
{

For k = 1 to NP
Choose randomly a 6= b 6= c 6= k in the range [1, NP].
Compute w by using Equations (10)–(12) and (15)–(17).
Update δ by using Equation (19) and σ with Equation (24).
Compute the solutions z1 and z2 using Equation (23).
I f rand < pCr & rand < 0.5
Compute ui by using Equation (26).
Else I f rand〈pCr & rand〉0.5
Compute ui by using Equation (27).

End I f
Else
Compute ui by using Equation (27).
End I f
I f rand < 0.5
I f rand < 0.5
Compute ui by using Equation (29).
else
Compute ui by using Equation (30).
End I f
End I f
Compute the value of objective function, f

(
ug

k,j

)
.

I f f
(

ug
k,j

)
< f

(
xg

k,j

)
xg+1

k,j =ug
k,j

Else
xg+1

k,j = xg
k,j

End I f
End For
Update the optimal vector xbest.

}
while (g ≤ Maxg)
Return the vector xg

best,j as a final solution.
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6. Numerical Analysis of Results

This section demonstrates the extracted parameters for the TDMSC, DDMSC, and
SDMSC using the INFO algorithm. The proposed INFO method is compared with other
methods, such as Harris hawk optimization (HHO) [47], tunicate swarm algorithm (TSA) [48],
sine–cosine algorithm (SCA) [49], moth–flame optimizer (MFO) [50], grey wolf optimiza-
tion (GWO) algorithm [51], chimp optimization algorithm (ChOA) [52], and Runge–Kutta
optimization [53]. The R.T.C France module is used as case study for comparison between
all methods. The variable settings for all techniques are given in Table 2.

Table 2. The algorithm parameter setting.

Algorithm Parameter Setting

INFO c = 2, d = 4 (Default)

HHO E0 ∈ [−1, 1], β = 1.5 (Default)

TSA Pmin = 1 and Pmax = 4 (Default)

RUN a = 20 and b = 12 (Default)

GWO Control parameter (a) linearly decreases from 2 to 0 (default)

MFO b = 1 and a linearly decreases from −1 to −2 (default)

SCA A = 2 (default)

ChOA Control parameter (a) linearly decreases from 2 to 0 (default)

6.1. SDMSC Extracted Results

The results of the decision variables for the SDMSC assessed by the proposed INFO
method and the other relative methods at the best RMSE are delineated in Table 3. The
best technique, achieving the optimal RMSE value of 0.000986021877891538, is the INFO
technique. The order of techniques based on the best value for RMSE is as follows: (1) INFO;
(2) RUN; (3) MFO; (4) GWO; (5) HHO; (6) TSA; (7) SCA; (8) ChOA. The characteristics of
the SDMSC based on the optimal decision variable estimated from the INFO algorithm
are used to simulate the P–V and I–V curves, as shown in Figures 7 and 8, respectively.
Moreover, these figures describe the absolute error for power and current. According to the
results in these figures, the power achieves absolute error equal to 1.97225076923463E-06
and the current achieves absolute error equal to 0.0000877042896620939. Furthermore, high
similarity between the calculated and measured data is achieved by the INFO algorithm,
meaning that the INFO algorithm achieves high performance and is accurate in identifying
the decision parameters of the SDMSC.

Table 3. The SDMSC’s identified parameters at the best RMSE.

Method Ipv (A) Ih1 (A) n1 Rs (Ω) Rsh (Ω) RMSE

INFO 0.760775531 3.23 × 10−7 1.481183583 0.036377093 53.71852003 0.000986022

MFO 0.760610259 4.66 × 10−7 1.519075084 0.034885349 66.30741592 0.001211865

SCA 0.756072108 5.75 × 10−7 1.542488704 0.026028415 35.73635426 0.01342705

TSA 0.7601137 6.18 × 10−7 1.549825146 0.03367546 63.2081264 0.002027996

HHO 0.759689107 1.96 × 10−7 1.431980756 0.038740252 59.89341231 0.001721616

GWO 0.760495146 4.33 × 10−7 1.510919086 0.035735604 77.00217485 0.001428873

ChOA 0.778747386 6.84 × 10−7 1.561498887 0.031486912 13.00230926 0.013439016

RUN 0.760738786 3.73 × 10−7 1.495871948 0.03578791 57.51621103 0.001024176
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6.2. DDMSC Extracted Results

The results of the decision variables for the DDMSC assessed by the proposed INFO
method and the other relative methods at the best RMSE are delineated in Table 4. The
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best technique, achieving the optimal RMSE value of 0.000982754918985878, is the INFO
technique. The order of techniques based on the best value of RMSE is as follows: INFO,
RUN, MFO, GWO, TSA, HHO, ChOA, and SCA. The characteristics of the DDMSC based
on the optimal decision variable estimated by the INFO algorithm are used to simulate the
P–V and I–V curves, as shown in Figures 9 and 10, respectively. Moreover, these figures
describe the absolute error for power and current. According to the results in these figures,
the power achieves absolute error equal to 1.83252464984809E-06, and the current achieves
absolute error equal to 0.0000282423991616598. Furthermore, high similarity between the
calculated and measured data is achieved by the INFO algorithm, meaning that the INFO
algorithm achieves high performance, and is more accurate in identifying the decision
parameters of the DDMSC.

Table 4. The DDMSC’s identified parameters at the best RMSE.

Method Ipv (A) Ih1 (A) n1 Rs (Ω) Rsh (Ω) Ih2 (A) n2 RMSE

INFO 0.760784749 9.09 × 10−7 1.999999999 0.036848784 55.72870238 2.07 × 10−7 1.443467334 0.000982755

MFO 0.760573102 5.14 × 10−7 1.529488629 0.034473352 70.70524625 0 2 0.001330898

SCA 0.758573427 3.27 × 10−7 1.479787147 0.046141622 100 0 1.299741087 0.020743587

TSA 0.759753871 3.00 × 10−8 1.619380419 0.035766388 83.19040588 3.99 × 10−7 1.504899251 0.00182302

HHO 0.761355149 8.90 × 10−7 1.621226033 0.031536148 88.97195633 1.53 × 10−7 1.560107435 0.002601794

GWO 0.761522609 3.42 × 10−8 1.973842184 0.036949692 42.7698821 2.62 × 10−7 1.460667435 0.001163084

ChOA 0.777351746 4.64 × 10−7 1.519880609 0.029571053 24.13155704 0 1.520252231 0.015533816

RUN 0.760778654 1.90 × 10−7 1.488917271 0.036170888 54.72135704 1.50 × 10−7 1.483016386 0.000990819
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6.3. TDMSC Extracted Results

The results of the decision variables for the TDMSC assessed by the proposed INFO
method and the other relative methods at the best RMSE are delineated in Table 5. The
best technique, achieving the optimal RMSE value of 0.00098297033950337, is the INFO
technique. The order of techniques based on the best value of RMSE is as follows: INFO,
RUN, MFO, GWO, HHO, TSA, ChOA, and SCA. The characteristics of the SDMSC based
on the optimal decision variable estimated from the INFO algorithm are used to simulate
the P–V and I–V curves, as shown in Figures 11 and 12 respectively. Moreover, these figures
describe the absolute error for power and current. According to the results in these figures,
the power achieves absolute error equal to 1.81921210537939E-06, and the current achieves
absolute error equal to 0.0000556145101199279. Furthermore, high similarity between the
calculated and measured data is achieved by the INFO algorithm, meaning that the INFO
algorithm achieves high performance, and is more accurate in identifying the decision
parameters of the TDMSC.

Table 5. The TDMSC’s identified parameters at the best RMSE.

Method INFO MFO SCA TSA HHO GWO ChOA RUN

Ipv (A) 0.760782737 7.61 × 10−1 7.82 × 10−1 0.760787945 0.762274159 0.761 0.75782536 0.76078498

Ih1 (A) 1.00 × 10−6 2.35 × 10−7 0 3.92 × 10−8 5.71 × 10−7 1.41 × 10−7 1.53 × 10−9 7.65 × 10−9

n1 2 1.46 1.29 1.515945641 1.562234058 1.42 1.091333206 1.84021139

Rs (Ω) 0.036874376 0.036408874 0.036890526 0.036128601 0.033272778 0.037122094 0.05449899 0.036773835

Rsh (Ω) 56.17108115 58.79879946 53.82857553 70.07457274 49.82864639 66.37293159 47.7643334 54.00897362

Ih2 (A) 2.16 × 10−17 4.89 × 10−7 0 2.49 × 10−7 7.73 × 10−8 5.46 × 10−7 7.18 × 10−8 1.48 × 10−7

n2 2 1.980735265 1.717307943 1.465621068 1.515599863 1.953366972 1.549521311 1.42890028

Ih3 (A) 1.98 × 10−7 3.50 × 10−7 6.85 × 10−7 1.11 × 10−7 3.11 × 10−40 5.41 × 10−7 6.54 × 10−9 3.02 × 10−7

n3 1.440116403 2 1.558130572 1.85904076 1.49038742 1.842301795 1.618146711 1.647232901

RMSE 0.00098297 0.000998934 0.015666298 0.002159304 0.002093376 0.001082604 0.011807743 0.000987658
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6.4. Statistical Analysis of the Three Solar Cell Models

Based on 30 independent runs, the statistical analysis of all techniques was executed
to calculate the maximum, minimum, standard deviation, and mean of the fitness function.
The accuracy and reliability of any algorithm are dependent on the minimum and standard
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deviation values of RMSE, respectively. The recorded statistical data are described in
Tables 6–8 for the three solar cell models. The INFO algorithm achieves the optimal value
of minimum RMSE for the TDMSC, DDMSC, and SDMSC. Moreover, the best standard
deviation value for the three solar cell models is achieved by the INFO algorithm, meaning
that the proposed INFO technique is the superior method among all of the considered
techniques, due to its high accuracy and better reliability. The SDMSC, DDMSC, and
TDMSC robustness curves are clarified in Figures 13–15, respectively. The SDMSC, DDMSC,
and TDMSC convergence curves are clarified in Figures 16–18, respectively. From these
figures, we can observe that the proposed INFO method achieves faster convergence
to the global optimal solution than any of the other techniques. The proposed INFO
method also achieves better robustness and reliability to the best solution than any of the
other techniques.

Table 6. Statistical results for the SDMSC.

Method Min Mean Max STD

INFO 0.000986022 0.000986022 0.000986022 4.50 × 10−12

MFO 0.001211865 0.004626596 0.038151316 0.009132335

SCA 0.01342705 0.045977858 0.222876722 0.035254772

TSA 0.002027996 0.009666823 0.041048048 0.012001515

HHO 0.001721616 0.013623637 0.053045786 0.015070571

GWO 0.001428873 0.01122106 0.044307694 0.014886843

ChOA 0.013439016 0.140441284 0.222883129 0.0847737

RUN 0.001024176 0.001859894 0.002444366 0.000471232

Table 7. Statistical results for the DDMSC.

Method Min Mean Max STD

INFO 0.000982755 0.001020116 0.001375801 0.000102525

MFO 0.001330898 0.005416622 0.03343477 0.009512679

SCA 0.020743587 0.048102495 0.222874404 0.033606862

TSA 0.00182302 0.005201682 0.009756115 0.00243312

HHO 0.002601794 0.01939235 0.075410943 0.018505278

GWO 0.001163084 0.008847679 0.036965034 0.011666124

ChOA 0.015533816 0.131722062 0.222885353 0.088246876

RUN 0.000990819 0.002047384 0.003455065 0.000712643

Table 8. Statistical results for the TDMSC.

Method Min Mean Max STD

INFO 0.00098297 0.001056164 0.001437688 0.000146373

MFO 0.000998934 0.004563716 0.038151316 0.00819224

SCA 0.015666298 0.042052252 0.069572049 0.009842541

TSA 0.002159304 0.007026558 0.037687456 0.008747154

HHO 0.002093376 0.040618119 0.298876672 0.073846334

GWO 0.001082604 0.009946247 0.039243665 0.012813202

ChOA 0.011807743 0.147804062 0.222894455 0.082865451

RUN 0.000987658 0.002021996 0.003785302 0.000846304
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7. Conclusions

The most abundant source of renewable energy is PV energy. An accurate PV model
was established to emulate the behavior of systems under various environmental condi-
tions. In this work, a new optimization technique called the INFO algorithm was applied
for the estimation of the parameters of the three solar cell models. Accordingly, the real
data used in this work were based on an R.T.C. France module. Comparison between the
INFO technique and another seven methods—Harris hawk optimization (HHO), tunicate
swarm algorithm (TSA), sine–cosine algorithm (SCA), moth–flame optimizer (MFO), grey
wolf optimization (GWO), chimp optimization algorithm (ChOA), and Runge–Kutta opti-
mization (RUN)—was performed for the same dataset. The INFO algorithm achieved high
similarity in the I–V and P–V curves between the measured and estimated data. The best
fitness function for the three cases was achieved by the INFO method, compared with all of
the other techniques considered. Therefore, the effectiveness and performance flexibility of
the INFO method are superior to those of all other methods used in this work.
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RE Renewable energy
SE Solar energy
PV Photovoltaic
SD Single-diode
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INFO Weighted mean of vectors
HHO Harris hawk optimization
TSA Tunicate swarm algorithm
SCA Sine–cosine algorithm
MFO Moth–flame optimizer
GWO Grey wolf optimization
ChOA Chimp optimization algorithm
RUN Runge–Kutta optimization
TDMSC Three-diode model of solar cell
DDMSC Double-diode model of solar cell
SDMSC Single-diode model of solar cell
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