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Abstract

The optimal operation of solar cells depends on the accurate determination of parameters in the Photovoltaic
(PV) models, such as resistance and currents, which may vary due to unstable weathers conditions and equipment
aging. The precise selection of these parameters resembles a multi-variable, nonlinear and multi-modal problem.
Despite a few parameter extraction techniques being available to solve such a problem, more-accurate and advanced
solutions still present a challenging research question. This paper therefore proposes an improved gaining-sharing
knowledge (IGSK) algorithm to accurately and precisely extract the parameters of PV models. The improvement in
the classical GSK algorithm is incorporated by introducing an adaptive mechanism to automatically adjust the value
of the knowledge rate parameter. This adaptive mechanism ensures the balance between the number of dimensions
updated by the junior gaining-sharing phase and the number of dimensions updated by the senior gaining-sharing
phase. A bound-constraint handling method is also presented and a linear population size reduction technique is used
to boost the speed of convergence and to maintain a tared-off between the exploration and exploitation properties. The
efficacy of the proposed IGSK has been demonstrated by considering three different PV modules models, i.e., single
diode, double diode, and PV modules and two other commercial ones (Thin Film ST40 and Mono-crystalline SM55).
For those modules, the proposed IGSK receptively produces the following outcomes: 0.00098602188, 0.0009827277,
0.0024250749, 0.0017298137, and 0.016600603. The statistical obtained results demonstrate that the IGSK indicates
competitive or even better performance on convergence speed, accuracy and reliability compared with other competing
techniques. Therefore, the proposed approach is believed to be an effective and efficient alternative for parameter
extraction of PV models.
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Abbreviations k Boltzmann’s constant
PV Photovoltaic T Cell temperature

SDM Single diode model n, n1, n2 Ideality factors
DDM Double diode model D1,D2 Diffusion and recombination diodes
STC Standard test conditions Ns,Np Series and parallel number of cells
HHO Harris hawks optimization G Irradiance
GSK Gaining-sharing knowledge NP Population size
IGSK Improved GSK X

min

j , X
max

j lower and upper bounds of the jth decision
variable

DE Differential evolution d Dimension of the problem
LPSR Linear population size reduction g Iteration number
RMSE Root mean square error gmax Maximum number of iterations

Nomenclature K Knowledge rate
Iph Photocurrent N junior,Nsenior Number of dimensions that will be

updated by the junior and senior
gaining-sharing phases

Rs Series resistance FES Number of fitness evaluations
Rsh Shunt resistance MAXFES Maximum number of fitness evaluations

It, Id, andIsh Terminal, diode and shunt
resistance currents

NPmin Minimum population size

Isd Reverse saturated current NPinit Maximum population size
Vt Terminal Voltage K f ,Kr The control parameters of GSK

1. Introduction

The integration of renewable energy sources into existing distribution networks is being emphasized by govern-
ments and organizations for a number of reasons, including increasing greenhouse gas emission, growing power
demand and depleting fossil fuel reserves [1]. Interest in solar power generation, among many renewable energy
sources (i.e., wind, hydro energy, tidal energy, geothermal energy and biomass energy), has sharply increased in re-
cent years due to the ready availability of solar irradiation in almost all locations for both small- and large-scale clients
from residential, commercial and utility-scale sectors [2]. As solar panels are installed under the open sky, they are
exposed to dust, fluctuating temperature and weather, and hence their effectiveness in generating solar power reduces
significantly due to the consequent reduction in energy conversion efficiency. To improve the energy conversion, it is
essential to understand the dynamic behaviours of photovoltaic (PV) energy conversion for analyzing and predicting
the PV characteristics that mainly depend on the accuracy of PV module model [3].

The modeling of solar PV systems consists of mathematical formulations and the selection of parameters whose
values are not readily known. Although a number of mathematical models, such as single diode model (SDM) and
double diode model (DDM) are widely adopted for modeling purpose in the literature [4], the best performance of the
model depends on its identification of its parameters, such as the photocurrent, diode ideality factor, saturation current,
series resistance and parallel resistance [5]. Inaccurate identification of these parameters may bring significant errors
in solar PV operation during equipment aging and unstable operation conditions, i.e., the ambient temperature can
vary from -7 oC to 45 oC. Therefore, the precise a-priori selection of PV model parameters plays an important role in
improving the results of simulation, evaluation, control and optimization of the PV system. However, determining the
parameters requires the solution of a multi-variable, nonlinear and multi-modal problem related to the current-voltage
(I-V) characteristic curve of the PV cell models [6]. Although the I-V characteristic curve is provided by manufacturer
at standard test conditions (STC) (i.e., G = 1000 W/m2 and T = 25 oC), the unstable weather condition in situ alters
the output characteristic curve of PV cells in addition to their highly nonlinear behaviour that also changes with the
aging/degradation in PV cells [7]. Thence, an accurate estimation of parameters for solar PV panels is vital to achieve
higher performance from a panel, particularly in the presence of large variations in weather conditions.

A number of techniques have been employed to precisely extract the unknown parameters of PV cells, namely:
analytical, iterative-based, and meta-heuristic approaches [8]. The analytical approach utilizes a series of mathemat-
ical equations based on experimental features provided by the manufacturer to identify model parameters [9]. This
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approach can be implemented readily, but it is heavily dependent on the key data points that are achieved under STC.
As these data points generally vary depending on the installation location of PV panels, this method is not effective
[10]. The iterative-based approach or deterministic method, including Newton-Raphson [11, 12], iterative curve fitting
[13] and Lambert W functions [11], generally work on gradient and are therefore good at searching local optima but
fail to find global optima due to their sensitivity to the initial condition and gradient information [14]. To overcome
such limitations, the meta-heuristic approach has received considerable attention to solve the parameter extraction of
the solar PV cells since the approach is free from the influence of initial conditions, and has no limitation in solving
optimization problems, i.e., it can solve a problem as a block box [15]. The meta-heuristic approach also has con-
ceptual and computational simplicity with a relative fast and efficient search, providing flexibility in solving complex
problems.

A genetic algorithm to identify five unknown parameters of a single diode model for a PV module is employed in
[16] who demonstrated that all the parameters require synthesis according to weather for reducing current, power and
energy prediction errors. In [6], a particle swarm optimization algorithm was proposed for selecting PV parameters
of both the single- and double-diode models under various operating conditions. The algorithm obtained improved
solutions with minimum computational cost as compared with other published algorithms. A simulated annealing
algorithm to identify the solar cell model with single diode, double diode, and photovoltaic modules is presented in
[17]. In [18], an improved cuckoo search optimization algorithm was demonstrated to evaluate PV cell parameters.
The algorithm was improved by using adaptive step size coefficient for implementing the random walk relying on the
Lévy flight mechanism. A diversification-enhanced Harris hawks optimization (HHO), based on the chaotic drifts
and an opposition-based exploratory strategy to precisely determine the unknown parameters of PV models, was
developed in [3]. The technique, applied for single diode, double diode and PV module with several temperatures
and irradiation levels of three manufactured data-sets, showed satisfactory stability due to a prominent interchange
between the diversification and intensification drifts of variant.

In [19], a performance-guided JAYA (PGJAYA) algorithm was presented in which the individual performance
of the whole population was quantified via probabilities. Based on probability, each individual can select evolution
strategies for balancing exploration and exploitation ability that improves the performance of the algorithm to select
the parameters of PV cells. An enhanced whale optimization algorithm was applied in [20] to extract the parameters
of various PV models . The algorithm was improved by developing two prey searching strategies to balance the local
exploitation and global exploration. In [7], a new hybrid bee pollinator flower pollination algorithm was developed
for the PV parameter extraction problem. Li et al. [14] presented an enhanced adaptive differential evolution (DE)
algorithm to determine the optimal values of the PV’s unknown parameters quickly, accurately and reliably. Although
these algorithms have demonstrated improved performance, they still suffer to obtain global optimal due to the multi-
modal problems with many local optima of the PV parameter extraction [21]. In addition, each optimization algorithm
has its own controlling parameters that are basically responsible for improving the quality of the solution that may
sometimes lead to premature termination and poor performance. Therefore, it is still a challenging task to accurately
extract the PV parameters with the development of sophisticated optimization algorithms.

A newly nature-inspired algorithm called the gaining-sharing knowledge (GSK) algorithm was proposed by Ali.
et al. [22]. GSK stimulates the process of gaining and sharing the knowledge across the human life span. To
mimic this process, the GSK algorithm comprises two main stages or phases: the junior gaining-sharing knowledge
phase, and the senior gaining-sharing knowledge phase. At the beginning of the search process, all individuals in the
entire population are considered as juniors, because they do not have any knowledge (similar to new-born humans).
Gradually, those individuals interact with other individuals and the environment to increase their level of knowledge,
and hence gain the ability to solve optimization problems. As a result of the above process, the individuals and/or
solutions increase their own knowledge and at the same time they share and exchange their knowledge with peers
and others. Due to the process of gaining knowledge, the junior individuals gradually become seniors. The GSK
algorithm is an outstanding example of a nature-inspired algorithm to solve many optimization problems and real-life
applications compared to other algorithms [22].

Similar to many other nature-inspired algorithms, GSK has some parameters that affect its performance, such as
the knowledge rate parameters and population size. Choosing the best parameter values is a very challenging problem.
In this paper, we improved the GSK algorithm by introducing an adaptive method to set the value of the knowledge
rate parameter (K). This parameter is very important to balance the number of dimensions updated by the junior
gaining-sharing phase (N junior) and the number of dimensions updated by the senior gaining-sharing phase (Nsenior).
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In addition, a linear population size-reduction (LPSR) mechanism is used to speed the rate of convergence up and
to balance exploitation and exploration in the optimization process. In addition, in the literature, there are many of
proposed bound-constraint handling techniques. Some of them suit problems with their optimal solutions lies on the
edge of the search space while others suit problems with optimal solutions inside the search space. GSK ignores this
problem and uses one bound-constraint handling technique which may not suitable for different kinds of optimization
problems. Therefore, from three different bound-constraint handling strategies, one is selected automatically to im-
prove the efficacy of the proposed IGSK. To test the efficacy of the improved GSK (IGSK) algorithm, three different
PV modules models (i.e., single diode model (SDM), double diode model (DDM) and PV models) and two commer-
cial (Thin film and mono-crystalline) are employed. The comparison demonstrates the superiority of the IGSK over
well-known algorithms.

The main contributions of this paper are:

• An improved gaining-sharing knowledge algorithm is developed to find the best values of the PV model param-
eters. In IGSK, an adaptive mechanism is introduced to set the value of the knowledge rate (K) parameter. A
linear population size reduction technique is also used to increase the convergence rate and maintain a balance
between exploration and exploitation.

• A technique to automatically select one bound-handling strategy from a pool of three is introduced to improve
the performance of the IGSK algorithm.

• The effectiveness of the proposed IGSK is extensively investigated by identifying the best parameters’ values
(parameter extraction) of different PV models (i.e., SDM, DDM and PV models). Two commercial PV models
are also used to test the performance of the proposed IGSK.

The remainder of the paper is organized as follows. Section 2 introduces the mathematical model and problem
formulation. The proposed algorithm and its components are given in Section 3. Section 4 introduces the experimental
results and comparison with rival algorithms. Conclusions and some future works are presented in Section 5.

2. Mathematical models and problem formulations

In this section, the mathematical model of solar PV cells is presented and the optimization problem to extract
unknown parameters is formulated. A solar cell can be represented as a diode that is exposed to the sunlight. The
equivalent circuit of Shockley-diode is generally used to model the electrical behaviour of a solar cell [23]. Although
an ideal solar cell is represented as a photocurrent source in parallel with an ideal diode, the analysis from this model
alters significantly from the outcome of actual I-V characteristics due to the absence in practice of an ideal source.
Therefore, the non-ideal behaviour, such as the effect of series and parallel resistance with conduction phenomena,
must be considered for precise modelling of solar PV cells [24]. In the literature, single diode and double diode
models are widely used to express the I-V features of a solar cell, although several PV models exist.

2.1. Single diode model

In the equivalent circuit diagram of a single diode shown in Figure 1, the solar cell exposed to the sunlight
is modelled as a photocurrent source, a diode and two parasitic resistors. The photocurrent (Iph) is a result of solar
irradiation with temperature. A lumped series resistance (Rs), consisting of contact resistance, electrode resistance and
material bulk resistance, is the representation of hindrance in current flow. The shunt resistance (Rsh) is the leakage
current across the p-n junction. The diode (D) has a modified diode ideality factor (n) to incorporate a combined
effect of conduction processes in a practical solar cell. The ideality factor (n), whose value depends on semiconductor
material and manufacturing process, is a quality index to define the closeness of a practical solar cell to the ideal solar
cell [25]. Figure 1 shows the equivalent circuit diagram of a single diode model and from the model, the current of
the solar cell after applying Kirchhoff’s current law (KCL) can be expressed as follows [26, 27]:

It = Iph − Id − Ish (1)
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Figure 1: Equivalent circuit diagrams for a single diode model.

where It, Iph, Id and Ish are the terminal current, photo-generated current (photocurrent), diode current and shunt
resistance current, respectively.
The diode current (Id) and shunt resistance current (Ish) can be mathematically represented as follows [26, 27]:

Id = Isd

[
exp

(q(Vt + Rs · It)
n · k · T

)
− 1

]
(2)

Ish =
Vt + Rs · It

Rsh
(3)

where Isd and Vt are the value of reverse saturated current of the diode and the terminal voltage, respectively; k and
T represent Boltzmann’s constant (1.3806503× 10−23 J/K) and the cell temperature in Kelvin. In the Shockley diode
equation, q (=1.60217646×10−19) is the magnitude of the charge of an electron.
Therefore, Eq. (1) can be written as follows [26, 27]:

It = Iph − Isd

[
exp

(q(Vt + Rs · It)
n · k · T

)
− 1

]
−

Vt + Rs · It

Rsh
. (4)

In Eq. (4), there are five unknown parameters X=[Iph, Isd, n,Rs,Rsh] that need to be extracted from the measured I-V
data of solar cells. The performance of a solar cell is heavily dependent on the accurate selection of these parameters,
i.e., if the parameter selection is accurate, the highest conversion efficiency can be found from the single diode model
of the solar cell.

2.2. Double diode model
Figure 2 shows the equivalent circuit diagram of the solar cell double diode model. Diode (D1) represents the

diffusion process of the minority charge carriers and diode (D2) simulates the carrier recombination in the space
charge region of the junction [28]. The currents Id1 and Id2 are the diffusion and recombination current components,
respectively. By applying KCL, the I-V characteristic curve of a double diode model can be expressed as follows [29]:

It = Iph − Id1 − Id2 − Ish (5)

= Iph − Isd1

[
exp

(q(Vt + Rs · It)
n1 · k · T

)
− 1

]
− Isd2

[
exp

(q(Vt + Rs · It)
n2 · k · T

)
− 1

]
−

Vt + Rs · It

Rsh
(6)

where Isd1 and Isd2 are the saturation currents at diode D1 and D2, respectively; and n1 and n2 are the ideality factors of
the diffusion diode D1 and recombination diode D2, respectively. In this model, there are seven unknown parameters
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Figure 2: Equivalent circuit diagrams for a double diode model.

X=[Iph, Isd1, Isd2, n1, n2,Rs,Rsh] that must be selected from the I-V characteristic curve of the measured data.
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Figure 3: Equivalent circuit diagrams for a solar PV module.

2.3. PV module model

The models presented in Eqs. (4) and (6) are developed for a single solar cell. Although Eq. (6) represents the
mathematical model of a single solar cell, Eq. (4) is widely adopted for its simplicity with accurate results to build
solar PV modules [30]. As a solar PV module consists of identical solar cells in series and parallel configuration as
shown in Figure 3, the mathematical model for its I-V relationship can be represented as follows [29, 30]:

It = Np

{
Iph − Isd

[
exp

(q(Vt/Ns + Rs · It/Np)
n · k · T

)
− 1

]
−

Vt/Ns + Rs · It/Np

Rsh

}
. (7)

where Ns and Np are the series and parallel number of cells, respectively. In this model, there are five unknown
parameters X=[Iph, Isd, n,Rs,Rsh] that need to be identified.
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2.4. Objective function
The main objective of the parameter extraction problem is to minimize the difference between the measured and

calculated current data from the simulation. The errors are measured using by the root mean square error (RMSE) that
suggests the spread out of errors, i.e., the larger value indicates higher spread out of the error. Therefore, the objective
function is formulated as follows [31]:

RMSE (X) =

√√√
1
N

N∑
i=1

f (Vt, It, X)2 (8)

where N is the number of experimental data.
For the single diode model, the error function is as follows [26, 27]:

fsg(Vt, It, X) = Iph − Isd

[
exp

(q(Vt + Rs · It)
n · k · T

)
− 1

]
−

Vt + Rs · It

Rsh
− It (9)

where X = [Iph, Isd, n,Rs,Rsh].
For the double diode model, the error function becomes as follows [29]:

fdb(Vt, It, X) = Iph − Isd1

[
exp

(q(Vt + Rs · It)
n1 · k · T

)
− 1

]
− Isd2

[
exp

(q(Vt + Rs · It)
n2 · k · T

)
− 1

]
−

Vt + Rs · It

Rsh
− It (10)

where X =[Iph, Isd1, Isd2, n1, n2,Rs,Rsh].
For the single diode PV module, the error function is as follows [29, 30]:

fmd(Vt, It, X) = Np

{
Iph − Isd

[
exp

(q(Vt/Ns + Rs · It/Np)
n · k · T

)
− 1

]
−

Vt/Ns + Rs · It/Np

Rsh

}
− It (11)

where X = [Iph, Isd, n,Rs,Rsh].

The value of terminal current (It) and terminal voltage (Vt) are the experimental data recorded from I-V character-
istic curve of the solar PV cells. Thus, the extraction of unknown parameters is a process of minimizing the objective
function while adjusting the unknown parameters within their ranges.

3. Proposed Algorithm

This section presents the detail of the proposed IGSK algorithm. Firstly, the original gaining sharing knowledge
algorithm is introduced. Then, the modification to the original GSK is presented.

3.1. GSK algorithm
GSK algorithm is developed by mimicking the philosophy of gaining and sharing knowledge during the life of a

human [22]. It has two essential stages, the first one is the junior gaining and sharing phase (beginning-intermediate),
and the second one is the senior gaining and sharing phase (intermediate-expert). The main steps of gaining-sharing
knowledge algorithm include initialization, the junior gaining-sharing phase, the senior gaining-sharing phase, and the
selection operator. These four steps are used to solve optimization problems as described in the following subsections.

3.1.1. Initialization
The algorithm starts with generating an initial population X of size NP individuals, which are randomly initialized

with each variable generated within its specified range. For example, the jth variables of the Zth solution are generated
as follows:

XZ, j = Xmin
j + (Xmax

j − Xmin
j ) × rand() (12)
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where XZ is the Zth solution, z = 1, 2, ...,NP, Xmin
j and Xmax

j the lower and upper bounds of the jth decision variable,
respectively, and rand a random number generated in the range [0, 1],

3.1.2. Junior gaining-sharing knowledge stage
In this phase, every individual (Xz) tries to increase its own knowledge by dealing with its nearest and trusted indi-

viduals belonging to small groups (i.e., its own family) while this individual also attempts to share its own knowledge
with some solutions which are not members in any group because of interest and a desire to explore.

In order to express this stage mathematically, suppose there is a population (X) (i.e., XZ ,Z = 1, 2, ...,NP, generated
randomly in the initialization step) of NP solutions (individuals) with their associated objective function values F(XZ).
To update the level of knowledge of each individual (i.e., update the values of each decision variables of each solution),
the following steps should be followed in the junior gaining-sharing knowledge stage.

1. Sort all individuals in the current population in an ascending order based on their objective function values:
X1, X2,..., XZ−1, XZ , XZ+1,..., XNP. where X1 is the solution with the minimum objective function value (best
individual), while XNP is the solution with the worst objective function value (worst individual).

2. Then, for every solution XZ , the following solutions should be selected:
(a) the closest better (XZ−1) and the closest worse solution (XZ+1) than the current one to form the gain source

of knowledge.
(b) another individual (Xr) is randomly selected to be used as the source of sharing knowledge.

The main steps of the junior gaining-sharing knowledge phase are presented in Algorithm 1.

Algorithm 1 Steps of the Junior gaining-sharing knowledge stage
1: Input: Population of solutions X and their associated objective function values F(X), g is the current generation,

and D is the dimension of the problem.
2: Sort the entire population in an ascending order based on their objective function values.
3: for Z = 1 : NP do
4: for j = 1 : D do
5: if rand ≤ Kr then
6: if F(XZ)>F(Xr) then
7: Xg+1

Z, j = Xg
Z, j + K f × (Xg

Z−1, j − Xg
Z+1, j) + (Xg

r, j − Xg
Z, j)

8: else
9: Xg+1

Z, j = Xg
Z, j + K f × (Xg

Z−1, j − Xg
Z+1, j) + (Xg

Z, j − Xg
r, j)

10: end if
11: else
12: Xg+1

Z, j = Xg
Z, j

13: end if
14: end for
15: end for

Two individuals (the nearest best and nearest worst) are required to update a third individual, In case of updating
the best and worst two solutions, the two closest best and two worst solutions are selected, respectively. If XZ is the
global best, the next two solutions should be used to update the global best one as follows: (XZ , XZ+1, XZ+2). If XZ

is the global worst, the two nearest former solutions should be used to update the global worst as follows: (XZ , XZ−1,
XZ−2).

3.1.3. Senior gaining-sharing knowledge stage
The main aim of this phase is to utilize a level of appropriate knowledge and the available information that

acquired from different classes within particular group of individuals (i.e., best, better and worst individuals). This
utilization means the effect and impact of other individuals (bad or good ones) on an individual or solution. In turn,
each individual or solution within the population is updated using the following steps:
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1. Sort all individuals in the current population in an ascending order based on their objective function values:
X1, X2,..., XZ−1, XZ , XZ+1,..., XNP. where X1 is the solution with the minimum objective function value (best
individual), while XNP the solution with the worst objective function value (worst individual).

2. Then, divide the sorted population into three groups. The first group contains the best solutions, the second
group contains the middle or better ones, while the last one contains the worst solution, as shown in Figure 4.

Figure 4: The best, middle, and worst group

3. Finally, to update each solution Xi, two random solutions are chosen from the best and worst 100φ% solutions
in the entire population to constitute the gaining part, while the third solution is randomly chosen from the
middle NP − 2 × 100φ% solutions to form the sharing part. Algorithm 2 presents the main steps of the senior
gaining-sharing knowledge phase.

Algorithm 2 Steps of the senior gaining-sharing Knowledge stage
1: Input: Population of solutions X and their associated objective function values F(X), g is the current generation,

and D is the dimension of the problem.
2: for Z = 1 : NP do
3: for j = 1 : D do
4: if rand ≤ Kr then
5: if F(XZ)>F(Xm) then
6: Xg+1

Z, j = Xg
Z, j + K f × (Xg

φ−best, j − Xg
φ−worst, j) + (Xg

m, j − Xg
Z, j)

7: else
8: Xg+1

Z, j = Xg
Z, j + K f × (Xg

φ−best, j − Xg
φ−worst, j) + (Xg

Z, j − Xg
m, j)

9: end if
10: else
11: Xg+1

Z, j = Xg
Z, j

12: end if
13: end for
14: end for

After presenting the two main stages in the gaining-sharing algorithm, the following should be considered.

• During the junior gaining-sharing stage, the number of dimensions of every solution that will be updated by the
junior gaining-sharing steps is greater than the number of dimensions updated by the senior gaining and sharing
steps.

• On the other hand, the number of dimensions of each solution that will be changed using senior gaining and
sharing steps is greater than the number of updated dimensions using the junior gaining and sharing scheme.

Note that the number of dimensions that will be updated or changed using both the junior and senior gaining-
sharing knowledge schemes will depend on the value of knowledge rate (K) [22]. This knowledge rate is used to
control the volume of knowledge that will be transferred during generations from other solutions using junior and
senior gaining-sharing knowledge schemes. As a results, the number of dimensions that will be changed using the
junior phase and the number of dimensions that will be changed using the senior phase must be computed at the
beginning of each generation.

Let N be the number of dimensions that will be updated using the junior gaining-sharing knowledge scheme,
which is computed using the following equation [22]:
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N junior = d × (1 −
g

gmax
)K (13)

where d is the problem size, K is a real number greater than zero representing the knowledge rate, g is the iteration
number and gmax is the maximum number of iterations. The number of dimensions that will be updated by the senior
gaining-sharing phase is calculated by the following equation [22].

Nsenior = d − N junior (14)

The relationship between N junior and Nsenior over generations, can be given by a numerical example as follows:
suppose the problem size is 50 (i.e., d = 50) and the knowledge rate K = 2. As presented in Table 1, the number of
dimensions updated by junior gaining-sharing knowledge decreases over generations, while the number of dimensions
updated using the senior gaining-sharing knowledge scheme increases over generations.

Table 1: Number of dimensions updated by using junior and senior gaining-sharing knowledge schemes with D=50 and K=2
g g/gmax N junior Nsenior

0 0 50 0
0.2gmax 0.2 32 18
0.4gmax 0.4 18 32
0.6gmax 0.6 8 42
0.8gmax 0.8 2 48

gmax 1 0 50

3.1.4. Selection
After initialization and the junior and senior gaining-sharing knowledge phases, GSK uses a greedy selection

method to decide whether the old or the new solution will be used in the next iteration, that can be expressed as
follows:

Xg+1
Z, j =

Xnew
Z, j if (F(Xnew

Z, j ) ≤ F(Xold
Z, j ))

Xold
Z, j otherwise

(15)

where Xnew
Z, j is the solution generated from the junior and senior gaining-sharing knowledge stages, and Xold

Z, j is the Zth

solution in the current population.
After presenting the four stages mentioned above, initialization, two phases (junior and senior gaining-sharing

knowledge phases) and the selection operator, the main steps describing the GSK algorithm are presented in Algorithm
3 and in Figure 5.

3.2. Improved Gaining-Sharing Knowledge

To quickly, reliably and accurately identify the optimal values of different PV models, an improved GSK algo-
rithm, called IGSK, is presented in this section, along with the reason and motivation for developing this algorithm to
improve its performance.

3.2.1. Motivations
As with many other nature-based algorithms, the performance of the GSK algorithm is highly dependent on the

values of its parameters. In GSK, the value of the knowledge rate K parameter is fixed during the search process.
These constant values may not be suitable for solving different types of optimization problems. Selecting the suitable
value that suits a wide range of optimization problems is therefore a challenging task. So, in the literature, adaptive
methods are used to adapt the parameter values for many algorithms. Further, the population size has an important
effect in controlling both diversity and convergence in nature-inspired algorithms. Large population sizes increase
exploration and, in turn, reduce the speed of convergence, while a small size of population increases the convergence

10



 

 

 

 

 

 

 

 

 

 

 No Yes 

Start 

Set initial values of all parameters  !" = 0.5, !# = 0.9, $ % 0,  &'( % 0, $)*+ , 

 !"#$%, &'()(* , &'+() and create an initial population of size  ! 

Evaluate fitness function value ( (!")) of each individual solution in the initial 

population and update number of fitness evaluations  !" =  !" + #$ 

 !" # $%&'() 

For each individual solution in the entire population, 

calculate  !"#$%&  and  !"#$%& ' using equations 13 and 14, 

respectively. 
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Figure 5: Flowchart of GSK algorithm.
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Algorithm 3 GSK algorithm
1: Input: g← 0, initial values of all the parameters N junior, Nsenior K f , Kr, K and φ.
2: Generate an initial population X of size NP (XZ ,Z = 1, 2, ...,NP)
3: Evaluate or compute F(XZ),∀Z = 1, 2, ...,NP
4: Update number of fitness evaluations FES ← FES + NP;
5: while FES ≤ MAXFES do
6: For each individual in the entire population, calculate the number of dimensions for gained and shared for both

phases using Equations 13 and 14.
7: For each solution of the entire population, apply junior gaining-sharing knowledge phase for the N junior dimen-

sions.
8: For each solution in the entire population, apply senior gaining-sharing knowledge phase for the Nsenior dimen-

sions
9: Update each solution of the entire population.

10: Compute the fitness function value of each solution in the entire population.
11: Update number of fitness evaluations, FES = FES + NP
12: Update the global best solution
13: update the generation number, g = g + 1.
14: end while

of the algorithm and, in turn, may lead to faster convergence to a local optimal. In addition, in the literature, there are
many of proposed bound-constraint handling techniques. Some of them are suitable for problems with their optimal
solutions lies on the boundary of the search space while others suit problems with optimal solutions inside the search
space. GSK ignores this problem and uses one bound-constraint handling technique which may not suitable for
different kinds of optimization problems.

Considering the above issues, an improved GSK algorithm (IGSK) is proposed. In IGSK, three improvements
have been implemented, i.e., a knowledge rate K adaptive mechanism, a linear population size reduction mecha-
nism, and random selection of one of three bound-constrained handling strategies instead of using only one . These
improvements are explained in detail in the following subsections.

3.2.2. Knowledge rate adaptive mechanism
In GSK, a constant value is used for the knowledge rate (K) during the whole search process. This value has a

considerable effect on performance when solving optimization problems. It is not an easy task to select a value that is
suitable for different optimization problems. To handle this problem, in this paper, an adaptive mechanism is used for
the knowledge rate K, as described in the following equation:

Kg+1 =

Kmin − Kmax

MAXFES

 × FES

 + Kmax (16)

where FES , MAXFES are the current number of fitness evaluations and the maximum number of function evalua-
tions, respectively, Kmin the minimum value of K and Kmax the maximum value used for K. Using the above equation,
the value of K starts with a large number (Kmax) and is gradually decremented until it reaches the minimum value
Kmin.

3.2.3. Linear population size reduction mechanism
GSK uses a constant value of population size during the optimization process. This constant value has a significant

effect on the algorithm performance in solving optimization problems. Specifically, it is not an easy task to select a
population size, (NP), that is suitable to solve a range of optimization problems. To tackle this drawback, a linear
population size reduction mechanism is used to maintain a balance between exploration and exploitation, starting with
a large population size (NPinit) and gradually reducing it over generations until it reaches the minimum population
size (NPmin). This is done by using the following equation [32, 33, 34, 35]:
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NPg+1 = f loor
(NPmin − NPinit

MAXFES

)
× FES

 + NPinit (17)

where NPinit and NPmin are the minimum and maximum population sizes, FES the current number of function
evaluations and MAXFES is the maximum number of function evaluations which are used as a stopping condition in
this paper.

Using the linear population size, a reduction strategy can maintain a balance between exploration and exploitation
during the optimization process. In the early stage of the process, using a large population size encourages the
algorithm to explore more regions of the search space. In the later stage, using a small number of individuals in
the population helps to boost the convergence of the algorithm. In so doing, the trade-off between exploration and
exploitation is maintained in the algorithm with improved convergence as well.

3.2.4. Bound-constraint handling strategy
In nature-inspired algorithms, it is common that the decision variables of the newly generated solution may lie out-

side the boundary of the search space, especially in the first generations. The bound-constrained handling approaches
that are used to handle this issue have a great effect on the performance of nature-inspired algorithms. Among these
methods, the following three are crucial.

Projection method: This method resets the value of a decision variable that has violated the boundary constraints
to the boundary. This is done as in the following equation [36]:

Xc
z, j =


Xz, j if X

min

j ≤ Xz, j ≤ X
max

j

X
min

j if Xz, j ≤ X
min

j

Xmax
j if Xz, j ≥ Xmax

j

(18)

where Xc
z, j is the corrected decision variable values, Xz, j the value that violates the decision variable bounds and X

min

j ,
X

max

j the lower and upper bounds for decision variable j, respectively.
Reflection method: This method reflects the violated variables again to the search space by the amount of viola-

tions. Reflection method is mathematically formulated as in Equation 20 [36].

Xc
z, j =


Xz, j if X

min

j ≤ Xz, j ≤ X
max

j

2 × X
min

j − Xz, j if Xz, j ≤ X
min

j

2 × Xmax
j − Xz, j if Xz, j ≥ Xmax

j

(19)

Equation 20 is repeated until a feasible value is obtained.
Random method: In this method, the violated decision variable is replaced with a randomly generated value

within the variable bounds. This is mathematically expressed as follows [36]:

Xc
z, j =


Xz, j if X

min

j ≤ Xz, j ≤ X
max

j

X
min

j + rand(0, 1) × (Xmax
j − X

min

j ) if Xz, j ≤ X
min

j

X
min

j + rand(0, 1) × (Xmax
j − X

min

j )
(20)

The projection method is very helpful for optimization problems where the optimal solutions lie on the boundary
of the search space, while the reflection method is good for those problems where the optimal solution lies inside the
search space. The random method helps in maintaining the diversity of the population. Instead of using one bound-
constraint handling method, it will be useful to take the benefits of using all of them to improve the performance of
the algorithm. So, in this paper, one of these methods is automatically chosen at every generation of the evolutionary
process.
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3.2.5. Implementation of the Improved Gaining-Sharing Knowledge Algorithm
Combining the K adaptive mechanism, linear population size reduction mechanism and bound constraint handling

mechanism into GSK, leads an improved GSK algorithm (IGSK), the main steps of which are presented in Algorithm
4 and in Figure 6. It can be seen from Algorithm 4 that the proposed IGSK is very to code and very simple. It also
does not add any extra parameters apart from MAXFES .

Algorithm 4 IGSK algorithm
1: Input: g← 0, initial values of all the parameters N junior, Nsenior K f , Kr, Kmin, Kmax and φ.
2: Generate an initial population X of size NP (Xi, i = 1, 2, ...,NP)
3: Evaluate or compute F(Xi),∀i = 1, 2, ...,NP
4: Update number of fitness evaluations FES ← FES + NP;
5: while FES ≤ MAXFES do
6: Calculate knowledge rate K value as explained in Section 3.2.2.
7: for z = 1 : NP do
8: Calculate the number of dimensions for gained and shared for the junior (N junior) and the senior (Nsenior)

phases using Equations 13 and 14.
9: Apply junior gaining-sharing knowledge phase for the N junior dimensions as in Algorithm 1.

10: Apply senior gaining-sharing knowledge phase for the Nsenior dimensions as in Algorithm 2.
11: Update each solution of the entire population.
12: Apply the bound-constrained handling method on the generated solution as described in Section 3.2.4.
13: Compute the fitness function value of the generated solution.
14: Compare between the old and the new generated solution as described in Section 3.1.4.
15: end for
16: Update number of fitness evaluations, FES = FES + NP.
17: Update the global best solution
18: Update NP, as described in Section 3.2.3.
19: update the generation number, g = g + 1.
20: end while

4. Experimental results and analysis

In this section, the performance of the proposed IGSK is evaluated by extracting the parameters of the three PV
models (SDM, DDM, and PV models). The data for current-voltage of SDM and DDM can be found in [12] as
measured on a 57 mm diameter commercial silicon R.T.C France solar sell under 1000 W/m2 at 33oC. Three different
modules of the PV models are considered in this paper. These modules are Photowatt-PWP201, mono-crystalline
STM6-40/36 and ploy-crystalline STP6-120/36, which have 36 connected cells in a series under a temperature of
45 oC, 51 oC, and 55 oC for Photowatt-PWP201 module, mono-crystalline STM6-40/36 module, and polycrystalline
STP6-120/36 module, respectively. The data of current-voltage (I-V) of these modules are obtained from [37, 38].
The range for each unknown parameter is presented in Table 2.

Table 2: Lower and upper bounds of each parameter

Parameter DDM/SDM Photowatt-PWP201 STM6-40/36 STP6-120/36
[LB,UB] [LB,UB] [LB,UB] [LB,UB]

Iph [0, 1] [0, 2] [0, 2] [0, 8]
Isd, Isd1, Isd2 [0, 1] [0, 50] [0, 50] [0, 50]

Rs [0, 0.5] [0, 2] [0, 0.36] [0, 0.36]
Rsh [0, 100] [0, 2000] [0, 1000] [0, 1500]

n, n1, n2 [0, 2] [1, 50] [1, 60] [1, 50]
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Figure 6: Flowchart of IGSK algorithm.
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The proposed IGSK and all other competing algorithms are coded and implemented in MATLAB R2019b. We
run them on a PC with 16GB RAM, core I7 processor with a 3.4GHz and Windows10. Note that all algorithms
are executed 30 times, with the best, median, average, worst and standard deviation of results reported. Results are
recorded with a stopping condition (MAXFES ) equal to 10, 000, 10, 000, 20, 000, 15, 000 and 15, 000 for the SDM,
PhotoWatt-PWP201, DDM, STM6-40/36 and STP6-120/36, respectively. The parameter settings of the competitive
algorithms are taken from their original sources. For fair comparison, the population sizes of all the compared algo-
rithms including the proposed algorithm is set to 25 [14]. Because the MAXFES is a small value, we set the population
size to a small value (25 individuals) to give the proposed algorithm a chance and others to run for more generations
and in turn converge to good solutions. In this paper, a linear population size technique is used, which starts from
an initial population size (NPinit=25) and then linearly decreases to reach the minimum population size (NPinit=15).
The values of f and Kr were set as in [22]. The performance of the proposed IGSK is compared with the following
algorithms. We run these algorithms on the same PC with the mentioned-above configurations.

1. Gaining sharing knowledge algorithm (GSK) [22];
2. An enhanced adaptive DE algorithm (ECM-JADE) [14];
3. Memetic adaptive differential evolution (MADE) [39];
4. Adaptive DE with optional external Archive (JADE) [40]
5. An improved adaptive DE algorithm with population adaptation (jDE) [41];
6. An improved JAYA (IJAYA) [15];
7. A performance guided JAYA (PGJAYA) [19];
8. A spherical search algorithm (SSA) [42];
9. Multiple learning backtracking search algorithm (MLBSA) [43];

10. DE with composite trial vector generation strategies (CoDE) [44];
11. DE algorithm with an adaptation strategy (SaDE) [45],
12. DE with an ensemble of parameters and mutation strategies (EPSDE) [46]; and
13. A multi-population ensemble DE (MPEDE) [47].

We conducted two non-parametric tests (Wilcoxon signed-ranked test with a 0.05 significance and Friedman’s
ranking test) [48] to statistically compare the rival algorithms. Two algorithms A1 and A2 are compared using the
Wilcoxon signed-rank test, with one of the following signs used.

• The ”+ ” sign that means A1 algorithm is significantly superior to A2;

• The ”− ” sign that means A1 is significantly inferior to A2; and

• The ”≈” sign that means there is no significant difference between A1 and A2.

4.1. Results on single diode model

In this section, the results obtained from the proposed IGSK and the competing algorithms for the single diode
model are presented and analyzed. Table 3 presents the extracted parameter values and the corresponding RMSE val-
ues, with the best results marked in boldface. In Table 3 the values of the five unknown parameters Iph, Isd,Rs,Rsh and n
are presented. Considering the RMSE values presented in Table 3, IGSK, ECM-JADE, MADE, JADE, EPSDE,
MPEDE and SSA achieved the best RMSE value (9.8602187789E − 04), followed by GSK (9.8602187790E-04),
jDE (9.8602188104E-04), PGJAYA (9.8602236938E-04), MLBSA (9.8602392470E-04), SaDE (9.8792529541E-04),
IJAYA (1.0063962583E-03) and CoDE (1.0066771529E-03. Although the values of RMSE attained by IGSK is only
slightly smaller than the RMSE achieved by other algorithms (i.e., GSK, jDE, PGJAYA, MLBSA, SaDE, IJAYA,
CoDE), it is very important for any decrease in the value of the objective function due to the lack knowledge on
the precise values of the parameters. It should be mentioned that, while some of the parameters estimated by these
competing algorithms were almost equal to each other, the statistical findings reported in Table 5 will demonstrate
that there is a statistical significant difference between the proposed IGSK and other algorithms.

As a further analysis, the parameter values obtained from the IGSK were used to compute the simulated I-V and
P-V data, which were used to draw the I-V and P-V characteristic curves. These curves are plotted and compared
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Table 3: Comparison of the extracted optimal parameters of the single diode model
Algorithm Iph Isd Rs Rsh n RMSE

IGSK 0.7607755300 0.0000003230 0.0363770926 53.7185253183 1.4811835921 9.8602187789E-04
GSK 0.7607755392 0.0000003230 0.0363771228 53.7182653830 1.4811829743 9.8602187790E-04

ECM-JADE 0.7607755303 0.0000003230 0.0363770928 53.7185240519 1.4811835863 9.8602187789E-04
MADE 0.7607755332 0.0000003230 0.0363770930 53.7185005600 1.4811835853 9.8602187789E-04
CoDE 0.7605747768 0.0000003403 0.0362296714 58.6000517994 1.4863595451 1.0066771529E-03
JADE 0.7607755306 0.0000003230 0.0363770922 53.7185238240 1.4811836004 9.8602187789E-04

EPSDE 0.7607755304 0.0000003230 0.0363770928 53.7185219789 1.4811835894 9.8602187789E-04
MPEDE 0.7607755301 0.0000003230 0.0363770925 53.7185238980 1.4811835904 9.8602187789E-04

SaDE 0.7607484776 0.0000003335 0.0362501355 54.7029884402 1.4844066543 9.8792529541E-04
jDE 0.7607756651 0.0000003230 0.0363771021 53.7169370096 1.4811828205 9.8602188104E-04
SSA 0.7607755303 0.0000003230 0.0363770926 53.7185241789 1.4811835923 9.8602187789E-04

IJAYA 0.7604890548 0.0000003460 0.0361526350 58.1746568964 1.4880910214 1.0063962583E-03
PGJAYA 0.7607754244 0.0000003232 0.0363750752 53.7316611994 1.4812347249 9.8602236938E-04
MLBSA 0.7607752726 0.0000003229 0.0363784988 53.6941505847 1.4811425702 9.8602392470E-04
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Figure 7: Comparison of the model and simulated data obtained from IGSK: (a) I-V curve, and (b) P-V curve
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with the measured data as depicted in Figure 7, from which it is clear that the simulated data are highly similar to
the measured data, which also explicitly shows that the values of the unknown parameters derived by IGSK are very
precise.

Furthermore, the statistical results of the 30 independent runs are presented in Table 4, showing the best, worst,
median, mean and standard deviation of RMSE values of the proposed IGSK and the rival algorithms. The algorithms
(IGSK, GSK, ECM-JADE, MADE, JADE, EPSDE, MPEDE, jDE and SSA) were able to obtain the best RMSE values
for the single diode model as compared to others. While the algorithms (IGSK, ECM-JADE and SSA) were able to
obtain the minimum worst RMSE, only the proposed IGSK was obtained the least standard deviation value. This
indicates that the IGSK has the ability to find reliable and stable solutions compared to other algorithms.

Table 4: Statistical results obtained from the proposed IGSK and the other algorithms for the SDM model.
Algorithm Min Max Median Mean Std

IGSK 9.8602188E-04 9.8602188E-04 9.8602188E-04 9.8602188E-04 3.5821018E-17
GSK 9.8602188E-04 9.8619116E-04 9.8602192E-04 9.8602912E-04 3.1386836E-08

ECM-JADE 9.8602188E-04 9.8602188E-04 9.8602188E-04 9.8602188E-04 3.8711206E-17
MADE 9.8602188E-04 9.8602190E-04 9.8602189E-04 9.8602189E-04 4.6578808E-12
CoDE 1.0066772E-03 1.3402343E-03 1.1174222E-03 1.1265286E-03 7.0468084E-05
JADE 9.8602188E-04 1.0863773E-03 9.8602188E-04 9.9612152E-04 2.6390367E-05

EPSDE 9.8602188E-04 1.2370750E-03 9.8602207E-04 1.0150022E-03 7.1373494E-05
MPEDE 9.8602188E-04 9.8660260E-04 9.8602188E-04 9.8604311E-04 1.0595217E-07

SaDE 9.8792530E-04 1.5423833E-03 1.1235611E-03 1.1562035E-03 1.3346976E-04
jDE 9.8602188E-04 1.3658353E-03 1.0968389E-03 1.1136747E-03 9.6127145E-05
SSA 9.8602188E-04 9.8602188E-04 9.8602188E-04 9.8602188E-04 8.9815118E-17

IJAYA 1.0063963E-03 1.5680532E-03 1.1658524E-03 1.2229854E-03 1.7312223E-04
PGJAYA 9.8602237E-04 1.3570158E-03 1.0242488E-03 1.0568912E-03 9.6842940E-05
MLBSA 9.8602392E-04 4.0854283E-03 1.2445376E-03 1.3517792E-03 5.6090646E-04

As a further analysis, the Wilcoxon rank sum test has been performed to compare the proposed IGSK algorithm
with the other algorithms. The summary of the results obtained from the Wilcoxon rank sum test are presented in
Table 5. It is found that the proposed IGSK demonstrates the statistical significance as compared to the all competing
algorithms except the ECM-JADE and SSA. In terms of ranking sum (R+), the IGSK shows best result over all the
algorithms.

Table 5: Results obtained by the Wilcoxon test for the single diode model
Algorithms R+ R− Exact P-value Dec.

IGSK vs. GSK 465.0 0.0 1.8626E-9 +

IGSK vs. ECM-JADE 232.0 203.0 ≥ 0.2 ≈

IGSK vs. MADE 447.0 18.0 4.712E-7 +

IGSK vs. CoDE 465.0 0.0 1.8626E-9 +

IGSK vs. JADE 367.0 68.0 7.36E-4 +

IGSK vs. EPSDE 454.5 10.5 9.127E-8 +

IGSK vs. MPEDE 437.5 27.5 2.555E-6 +

IGSK vs. SaDE 465.0 0.0 1.8626E-9 +

IGSK vs. jDE 465.0 0.0 1.8626E-9 +

IGSK vs. SSA 232.0 203.0 ≥ 0.2 ≈

IGSK vs. IJAYA 465.0 0.0 1.8626E-9 +

IGSK vs. PGJAYA 465.0 0.0 1.8626E-9 +

IGSK vs. MLBSA 465.0 0.0 1.8626E-9 +
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4.2. Results on double diode model

This section presents the results achieved by the proposed IGSK and the rival algorithms in solving the dou-
ble diode model. The extracted parameter values and their corresponding RMSE are presented in Table 6, with the
best results marked in boldface. It is clear that, the algorithms (IGSK, ECM-JADE, MADE, JADE and SSA) ob-
tained the best RMSE value (9.8248485179E-04). The GSK performed the second best with RMSE value equal to
(9.8248485183E-04), followed by MPEDE (9.8251483493E-04), EPSDE (9.8286644606E-04), jDE (9.8298027057E-
04), MLBSA (9.8391229324E-04), SaDE (9.8428422342E-04), PGJAYA (9.8443154252E-04), IJAYA (9.9096403659E-
04) and CoDE performed worst with an RMSE value equal to 9.9256603215E-04.

Table 6: Comparison of the extracted optimal parameters of the double diode model
Algorithm Iph Isd Rs Rsh n Isd2 n2 RMSE

IGSK 0.7607810788 0.0000007493 0.0367404286 55.4854342543 2.0000000000 0.0000002260 1.4510168928 9.8248485179E-04
GSK 0.7607810654 0.0000002260 0.0367404354 55.4855347755 1.4510168183 0.0000007493 1.9999999998 9.8248485183E-04

ECM-JADE 0.7607810793 0.0000002260 0.0367404304 55.4854419864 1.4510167185 0.0000007493 2.0000000000 9.8248485179E-04
MADE 0.7607810797 0.0000002260 0.0367404211 55.4854055726 1.4510173879 0.0000007493 1.9999999997 9.8248485179E-04
CoDE 0.7607203885 0.0000002518 0.0363466183 56.0049242366 1.8064466488 0.0000002628 1.4662064970 9.9256603215E-04
JADE 0.7607810817 0.0000002260 0.0367404410 55.4854914700 1.4510159525 0.0000007494 1.9999999997 9.8248485179E-04

EPSDE 0.7607799319 0.0000009675 0.0368633296 56.0649334947 1.9995351958 0.0000002011 1.4413231935 9.8286644606E-04
MPEDE 0.7607779579 0.0000002326 0.0367093884 55.3582064068 1.4534364518 0.0000006923 1.9995555985 9.8251483493E-04

SaDE 0.7607790442 0.0000002466 0.0365758378 54.6248043609 1.4597052602 0.0000003086 1.8453391163 9.8428422342E-04
jDE 0.7607825870 0.0000002575 0.0365981938 54.7712887602 1.4620028259 0.0000004916 1.9999364772 9.8298027057E-04
SSA 0.7607810791 0.0000007493 0.0367404298 55.4854428512 2.0000000000 0.0000002260 1.4510167640 9.8248485179E-04

IJAYA 0.7606435425 0.0000000151 0.0363442586 55.9933056365 1.9917845095 0.0000003263 1.4822526967 9.9096403659E-04
PGJAYA 0.7607732414 0.0000002950 0.0364558183 54.3036310421 1.4735217945 0.0000002102 2.0000000000 9.8443154252E-04
MLBSA 0.7607664717 0.0000004933 0.0365858500 55.7025732754 1.9518733773 0.0000002479 1.4593108565 9.8391229324E-04

Figure 8 presents a comparison between the model curve data and simulated data obtained from the proposed
IGSK. The result shows similarity to the result obtained for the SDM. This figure indicates that the obtained data is
highly similar to the model data, which also explicitly shows that the values of the parameters derived by IGSK are
very precise.
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Figure 8: Comparison of the model and simulated data obtained from IGSK for the double diode model: (a) I-V curve, and (b) P-V curve

Table 7 presents the statistical results (the best, worst, median, mean and standard deviation) obtained from IGSK
and the state-of-the-art algorithms. The algorithms (IGSK, GSK, ECM-JADE, MADE and JADE) were able to achieve
the best RMSE values while the IGSK and ECM-JADE obtained the best worst and best median RMSE values. The
proposed algorithm is the only one that achieved the lowest average RMSE and the lowest standard deviation value,
which confirms its superiority to extract parameter values of the double diode model.
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Table 7: Statistical results obtained from the proposed IGSK and the other algorithms for the DDM model
Algorithm Min Max Median Mean Std

IGSK 9.8248485E-04 9.8602188E-04 9.8248485E-04 9.8272774E-04 8.9578942E-07
GSK 9.8248485E-04 9.8671403E-04 9.8286822E-04 9.8384058E-04 1.5497268E-06

ECM-JADE 9.8248485E-04 9.8602188E-04 9.8248485E-04 9.8283855E-04 1.0792477E-06
MADE 9.8248485E-04 9.8745941E-04 9.8602204E-04 9.8524773E-04 1.6340738E-06
CoDE 9.9256603E-04 1.9557120E-03 1.1698653E-03 1.2398064E-03 2.2385423E-04
JADE 9.8248485E-04 2.2842661E-03 1.1784691E-03 1.3485296E-03 4.2303345E-04

EPSDE 9.8286645E-04 2.6126238E-03 1.3665854E-03 1.4770266E-03 4.8525273E-04
MPEDE 9.8251483E-04 9.8619207E-04 9.8499086E-04 9.8462712E-04 1.3785728E-06

SaDE 9.8428422E-04 1.5993369E-03 1.1276570E-03 1.2057865E-03 2.0022785E-04
jDE 9.8298027E-04 1.2384855E-03 9.8712473E-04 1.0101624E-03 5.1172321E-05
SSA 9.8248485E-04 1.9029888E-03 9.8584107E-04 1.0676207E-03 1.9279176E-04

IJAYA 9.9096404E-04 1.4320740E-03 1.0424049E-03 1.0779221E-03 1.0621693E-04
PGJAYA 9.8443154E-04 1.3065681E-03 9.8934230E-04 1.0094237E-03 6.1014016E-05
MLBSA 9.8391229E-04 2.0547905E-03 9.8978465E-04 1.0707350E-03 2.0481963E-04

The results of the Wilcoxon sum rank test, as shown in Table 8, show that the proposed algorithm is statistically
better than GSK, MADE, CoDE, JADE, EPSDE, MPEDE, SaDE, jDE, SSA, IJAYA, PGJAYA and MLBSA. Table 8
also shows that IGSK is not statistically significance for ECM-JADE, but there is a bias toward the proposed algorithm
as R+ is greater than R−, indicating the superiority of the proposed algorithm over other ones.

Table 8: Results obtained by the Wilcoxon test for the double diode model
VS R+ R− Exact P-value Dec.

IGSK vs. GSK 396.0 69.0 4.184E-4 +

IGSK vs. ECM-JADE 286.0 149.0 ≥ 0.2 ≈

IGSK vs. MADE 465.0 0.0 1.8626E-9 +

IGSK vs. CoDE 465.0 0.0 1.8626E-9 +

IGSK vs. JADE 454.0 11.0 1.0244E-7 +

IGSK vs.EPSDE 465.0 0.0 1.8626E-9 +

IGSK vs. MPEDE 443.0 22.0 9.984E-7 +

IGSK vs. SaDE 465.0 0.0 1.8626E-9 +

IGSK vs. jDE 462.0 3.0 9.314E-9 +

IGSK vs. SSA 416.5 18.5 1.043E-6 +

IGSK vs. IJAYA 465.0 0.0 1.8626E-9 +

IGSK vs. PGJAYA 464.0 1.0 3.726E-9 +

IGSK vs. MLBSA 465.0 0.0 1.8626E-9 +

4.3. Results on photovoltaic modules

This subsection reports and analyzes the results obtained from the proposed IGSK and the competing algorithms
in solving the photovoltaic modules including Photowatt-PWP201, STM6-40/36 and STP6-120/36.

4.3.1. Results on Photowatt-PWP201 model
The comparison of the extracted parameters with their corresponding RMSE is presented in Table 9, from which it

is clear that IGSK, GSK, ECM-JADE, MADE, JADE, EPSDE, MPEDE, SaDE, jDE, and SSA are able to achieve the
least same RMSE value (2.4250748681E-03), followed by PGJAYA (2.4252944269E-03), CoDE (2.4253937840E-
03), MLBSA (2.4257021544E-03), and IJAYA (2.4257842236E-03).

As a further analysis, the extracted parameter values are used to construct the I-V and P-V characteristic curves.
Figure 9 shows a comparison between the simulated data and model data for both I-V and P-V curves, from which it
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Table 9: Comparison of the extracted optimal parameters of Photowatt-PWP201
Algorithm Iph Isd Rs Rsh n RMSE

IGSK 1.0305142985 0.0000034823 1.2012710155 981.9823032551 48.6428347195 2.4250748681E-03
GSK 1.0305143022 0.0000034823 1.2012711037 981.9816257960 48.6428316636 2.4250748681E-03

ECM-JADE 1.0305142989 0.0000034823 1.2012710127 981.9822647276 48.6428347840 2.4250748681E-03
MADE 1.0305142993 0.0000034823 1.2012710060 981.9822883847 48.6428349493 2.4250748681E-03
CoDE 1.0306331988 0.0000034578 1.2017169125 963.7466492873 48.6162701312 2.4253937840E-03
JADE 1.0305142996 0.0000034823 1.2012710191 981.9821903384 48.6428345867 2.4250748681E-03

EPSDE 1.0305142997 0.0000034823 1.2012710127 981.9821763442 48.6428346892 2.4250748681E-03
MPEDE 1.0305142976 0.0000034823 1.2012710031 981.9824081525 48.6428350757 2.4250748681E-03

SaDE 1.0305142975 0.0000034823 1.2012710092 981.9824080945 48.6428349480 2.4250748681E-03
jDE 1.0305143063 0.0000034823 1.2012711212 981.9807119011 48.6428307463 2.4250748681E-03
SSA 1.0305142989 0.0000034823 1.2012710085 981.9822831616 48.6428349147 2.4250748681E-03

IJAYA 1.0304190992 0.0000035466 1.1990620823 999.2680555479 48.7132776768 2.4257842236E-03
PGJAYA 1.0304023138 0.0000034958 1.2010634997 997.3387947736 48.6573317755 2.4252944269E-03
MLBSA 1.0303969800 0.0000035249 1.1996255980 996.1764554124 48.6896625305 2.4257021544E-03
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Figure 9: Comparison of the model and simulated data obtained from IGSK for Photowatt-PWP201 model: (a) I-V curve, and (b) P-V curve

21



can be seen that the simulated data is highly similar to the model data that also explicitly demonstrates that the values
of the unknown parameters derived by IGSK are very accurate.

Table 10 presents the statistical comparative summary in terms of best, worst, median, mean and standard deviation
obtained from the proposed IGSK and the state-of-the-art algorithms. IGSK, GSK, ECM-JADE, MADE, JADE,
EPSDE, MPEDE, SaDE, jDE and SSA achieve the least Min RMSE value (i.e., 2.4250749E-03), while CoDE, IJAYA,
PGJAYA and MLBSA are not able to achieve the least Min RMSE values. IGSK, GSK, ECM-JADE, MADE, JADE,
EPSDE, MPEDE and SSA obtain the least median RMSE value (i.e., 2.4250749E-03). The proposed IGSK, GSK,
ECM-JADE, MADE and SSA are able to obtain the least median and mean RMSE values (i.e., 2.4250749E-03),
while the proposed IGSK is the only algorithm that produced the minimum standard deviation value (2.9226647E-17),
which confirms the stability and superiority of the proposed IGSK to extract the parameter values of the photovoltaic
modules-PWP201.

Table 10: Comparative summary of the algorithms for Photowatt-PWP201
Algorithms Min Max Median Mean Std.

IGSK 2.4250749E-03 2.4250749E-03 2.4250749E-03 2.4250749E-03 2.9226647E-17
GSK 2.4250749E-03 2.4250749E-03 2.4250749E-03 2.4250749E-03 8.7698960E-12

ECM-JADE 2.4250749E-03 2.4250749E-03 2.4250749E-03 2.4250749E-03 3.9128693E-17
MADE 2.4250749E-03 2.4250749E-03 2.4250749E-03 2.4250749E-03 4.9835142E-12
CoDE 2.4253938E-03 2.4938819E-03 2.4363765E-03 2.4413220E-03 1.5076553E-05
JADE 2.4250749E-03 2.6223824E-03 2.4250749E-03 2.4316665E-03 3.6020574E-05

EPSDE 2.4250749E-03 2.7425078E-01 2.4250749E-03 1.1488505E-02 4.9627872E-02
MPEDE 2.4250749E-03 2.4268374E-03 2.4250749E-03 2.4251369E-03 3.2141806E-07

SaDE 2.4250749E-03 2.5419158E-03 2.4252675E-03 2.4362313E-03 2.5567167E-05
jDE 2.4250749E-03 2.4507821E-03 2.4252158E-03 2.4277357E-03 6.4099123E-06
SSA 2.4250749E-03 2.4250749E-03 2.4250749E-03 2.4250749E-03 2.6345212E-15

IJAYA 2.4257842E-03 2.9559147E-03 2.4964004E-03 2.5291675E-03 1.2105250E-04
PGJAYA 2.4252944E-03 2.9889298E-03 2.4376542E-03 2.4825916E-03 1.2060725E-04
MLBSA 2.4257022E-03 2.7425078E-01 2.4548108E-03 1.1709355E-02 4.9588276E-02

From the results of the Wilcoxon sum rank test presented in Table 11, it can be concluded that the proposed IGSK
is statistically superior to GSK, MADE, CoDE, JADE, EPSDE, MPEDE, SaDE, jDE, IJAYA, PGJAYA and MLBSA.
There is no significant difference among the IGSK, ECM-JADE and SSA, with a bias towards the proposed IGSK
algorithm as the value of R+ is greater than R−. This analysis demonstrates the superiority of the proposed algorithm
over the state-of-the-art algorithms.

Table 11: Results obtained by the Wilcoxon test for PhotoWatt-PWP201 module
Algorithms R+ R− Exact P-value Dec.

IGSK vs. GSK 433.5 1.5 9.313E-9 +

IGSK vs. ECM-JADE 232.0 203.0 ≥ 0.2 ≈

IGSK vs. MADE 465.0 0.0 1.8626E-9 +

IGSK vs. CoDE 465.0 0.0 1.8626E-9 +

IGSK vs. JADE 315.0 150.0 0.09194 +

IGSK vs. EPSDE 338.5 126.5 0.02853 +

IGSK vs. MPEDE 349.5 85.5 0.003376 +

IGSK vs. SaDE 454.5 10.5 9.127E-8 +

IGSK vs. jDE 463.5 1.5 4.657E-9 +

IGSK vs. SSA 232.0 203.0 ≥ 0.2 ≈

IGSK vs. IJAYA 465.0 0.0 1.8626E-9 +

IGSK vs. PGJAYA 465.0 0.0 1.8626E-9 +

IGSK vs. MLBSA 465.0 0.0 1.8626E-9 +
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4.3.2. Results on STM6-40/36 model
This section presents the results obtained from the proposed algorithm and the rival algorithms on STM6-40/36

model. Table 12 presents the extracted parameters and their computed RMSE values obtained by the proposed
IGSK and the state-of-the-art algorithms. It is clear from Table 12 that IGSK, ECM-JADE, JADE, EPSDE, MPEDE
and SSA obtained the least RMSE value (i.e., 1.7298137099E-03), followed by MADE (1.7298137100E-03), GSK
(1.7298137101E-03), CoDE (2.1790093282E-03), jDE (2.2005165381E-03), IJAYA (2.2039788673E-03) and PG-
JAYA (3.3128299463E-03) while MLBSA performs worst with an RMSE value equal to 2.3766777085E-03.

Table 12: Comparison of the extracted optimal parameters of STM6-40/36
Algorithm Iph Isd Rs Rsh n RMSE

IGSK 1.6639047769 0.0000017387 0.0042737713 15.9282943489 1.5203029211 1.7298137099E-03
GSK 1.6639048192 0.0000017387 0.0042737617 15.9282835135 1.5203033225 1.7298137101E-03

ECM-JADE 1.6639047771 0.0000017387 0.0042737713 15.9282941805 1.5203029213 1.7298137099E-03
MADE 1.6639048020 0.0000017387 0.0042737711 15.9282744311 1.5203028775 1.7298137100E-03
CoDE 1.6622267726 0.0000030228 0.0025066197 19.9229145129 1.5836116207 2.1790093282E-03
JADE 1.6639047776 0.0000017387 0.0042737712 15.9282938616 1.5203029223 1.7298137099E-03

EPSDE 1.6639047776 0.0000017387 0.0042737715 15.9282935472 1.5203029150 1.7298137099E-03
MPEDE 1.6639047779 0.0000017387 0.0042737715 15.9282933569 1.5203029128 1.7298137099E-03

SaDE 1.6623307465 0.0000033309 0.0021062356 20.0780667354 1.5953277435 2.3211724267E-03
jDE 1.6631273742 0.0000030115 0.0023816502 18.2896406465 1.5832707842 2.2005165381E-03
SSA 1.6639047769 0.0000017387 0.0042737710 15.9282945678 1.5203029296 1.7298137099E-03

IJAYA 1.6611809628 0.0000020867 0.0039219467 18.8608530341 1.5404183148 2.2039788673E-03
PGJAYA 1.6617551855 0.0000055110 0.0000474942 23.4012668939 1.6587300950 3.3128299463E-03
MLBSA 1.6613200269 0.0000033863 0.0020997444 21.6312057519 1.5972377130 2.3766777085E-03

As a further analysis, Figure 10 introduces a comparison between the model curve data and simulated data obtained
from the proposed IGSK for I-V and P-V characteristic curves. As shown, the simulated data obtained coincide with
the model data, which indicates that the proposed IGSK algorithm obtains accurate parameter values.
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Figure 10: Comparison of the model and simulated data obtained from IGSK for the STM6-40/36 model: (a) I-V curve, and (b) P-V curve

The statistical comparison summary obtained from IGSK and the other state-of-the-art algorithms based on Min,
Max, Median, Mean and standard deviation is presented in Table 13. The proposed IGSK, GSK, ECM-JADE, MADE,
JADE, EPSEDE, MPEDE and SSA obtained the least Min RMSE value (i.e., 1.7298137E-03). The proposed IGSK,
GSK, ECM-JADE, JADE, EPSDE, MPEDE and SSA achieved the least RMSE value (i.e., 1.7298137E-03). For
both Max and mean RMSE values, the proposed IGSK, GSK, ECM-JADE and SSA obtained the least Max and least

23



Mean RMSE values. The proposed IGSK achieved the minimum standard deviation value, which indicates its stable
solution approach compared to other algorithms to accurately extract parameter values.

Table 13: Comparative summary of the algorithms for STM6-40/36
Algorithms Min Max Median Mean Std.

IGSK 1.7298137E-03 1.7298137E-03 1.7298137E-03 1.7298137E-03 7.0155794E-18
GSK 1.7298137E-03 1.7298514E-03 1.7298137E-03 1.7298157E-03 7.2630843E-09

ECM-JADE 1.7298137E-03 1.7298137E-03 1.7298137E-03 1.7298137E-03 2.2454857E-17
MADE 1.7298137E-03 1.7298141E-03 1.7298138E-03 1.7298139E-03 9.0040460E-11
CoDE 2.1790093E-03 2.6568349E-03 2.3880487E-03 2.3836486E-03 1.1112866E-04
JADE 1.7298137E-03 2.2712943E-03 1.7298137E-03 1.7483556E-03 9.8802970E-05

EPSDE 1.7298137E-03 3.1075741E-01 1.7298137E-03 1.3313524E-02 5.6450907E-02
MPEDE 1.7298137E-03 1.7383109E-03 1.7298137E-03 1.7304743E-03 2.1349508E-06

SaDE 2.3211724E-03 3.2863523E-03 2.8748974E-03 2.8402068E-03 2.6670766E-04
jDE 2.2005165E-03 3.2538138E-03 2.5171700E-03 2.5281736E-03 2.4574579E-04
SSA 1.7298137E-03 1.7298137E-03 1.7298137E-03 1.7298137E-03 7.7411815E-18

IJAYA 2.2039789E-03 4.9719065E-03 3.3329046E-03 3.4020975E-03 5.8218917E-04
PGJAYA 1.7570159E-03 3.3301577E-03 2.6864366E-03 2.6810334E-03 5.7928630E-04
MLBSA 2.3766777E-03 5.0940239E-03 3.1663361E-03 3.1791628E-03 5.0164073E-04

The Wilcoxon sum rank test is performed to statistically compare the algorithms as presented in Table 14, from
which the proposed IGSK can be seen to be statistically significance than GSK, MADE, CoDE, EPSDE, MPEDE,
SaDE, jDE, IJAYA, PGJAYA and MLBSA, while there is no significance difference in the performances of ECM-
JADE, JADE, and SSA to extract parameter values.

Table 14: Results obtained by the Wilcoxon test for STM6-40/36 model
Algorithms R+ R− Exact P-value Dec.

IGSK vs. GSK 465.0 0.0 1.8626E-9 +

IGSK vs.ECM-JADE 232.5 232.5 ≥ 0.2 ≈

IGSK vs. MADE 465.0 0.0 1.8626E-9 +

IGSK vs. CoDE 465.0 0.0 1.8626E-9 +

IGSK vs. JADE 259.5 175.5 ≥ 0.2 ≈

IGSK vs. EPSDE 412.5 52.5 7.483E-5 +

IGSK vs. MPEDE 437.5 27.5 2.555E-6 +

IGSK vs. SaDE 465.0 0.0 1.8626E-9 +

IGSK vs. jDE 465.0 0.0 1.8626E-9 +

IGSK vs. SSA 232.5 232.5 ≥ 0.2 ≈

IGSK vs. IJAYA 465.0 0.0 1.8626E-9 +

IGSK vs. PGJAYA 465.0 0.0 1.8626E-9 +

IGSK vs. MLBSA 465.0 0.0 1.8626E-9 +

4.3.3. Results on STP6-120/36 model
This section introduces the results obtained from the proposed IGSK and the competing algorithms on STP6-

120/36 model. Table 15 presents the extracted parameters along with their RMSE obtained from the proposed
algorithm and the rival algorithms. From this table, it is clear that the minimum RMSE is obtained from IGSK,
ECM-JADE, MADE, JADE, MPEDE and SSA (i.e., 1.6600603125E-02), followed by EPSDE (1.6600603126E-02),
GSK (1.6600603237E-02), jDE (1.6670790498E-02), PGJAYA (1.6686869577E-02), MLBSA (1.6742781531E-02),
IJAYA (1.7175432468E-02), CoDE (1.7793621614E-02) and SaDE (2.3741626664E-02).

Figure 11 depicts the comparison between the simulated data obtained from the proposed IGSK and the model
data curve for both I-V and P-V curves. It is clear from Figure 11 that the simulated data produced from the proposed
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Table 15: Comparison of the extracted optimal parameters of STP6-120/36
Algorithm Iph Isd Rs Rsh n RMSE

IGSK 7.4725299198 0.0000023350 0.0045946347 22.2198940641 1.2601034671 1.6600603125E-02
GSK 7.4725274191 0.0000023352 0.0045945967 22.2293497992 1.2601120779 1.6600603237E-02

ECM-JADE 7.4725299147 0.0000023350 0.0045946345 22.2199119731 1.2601034885 1.6600603125E-02
MADE 7.4725298937 0.0000023350 0.0045946346 22.2199415823 1.2601034820 1.6600603125E-02
CoDE 7.4721500573 0.0000033077 0.0044509408 1394.9869692013 1.2898100169 1.7793621614E-02
JADE 7.4725299317 0.0000023350 0.0045946346 22.2198821427 1.2601034702 1.6600603125E-02

EPSDE 7.4725292922 0.0000023350 0.0045946376 22.2205097805 1.2601030920 1.6600603126E-02
MPEDE 7.4725299305 0.0000023350 0.0045946347 22.2198832397 1.2601034648 1.6600603125E-02

SaDE 7.4824587735 0.0000069764 0.0040164203 1125.7204790099 1.3588648412 2.3741626664E-02
jDE 7.4713260006 0.0000021127 0.0046423207 20.2757721385 1.2517945320 1.6670790498E-02
SSA 7.4725299155 0.0000023350 0.0045946346 22.2199116423 1.2601034828 1.6600603125E-02

IJAYA 7.4644089882 0.0000032446 0.0044362723 1471.2730542934 1.2881775380 1.7175432468E-02
PGJAYA 7.4650757076 0.0000025967 0.0045508625 59.6123864255 1.2690220077 1.6686869577E-02
MLBSA 7.4619939787 0.0000026103 0.0045533170 148.3822216313 1.2694460078 1.6742781531E-02

IGSK is identical to the model data, from which it can be concluded that the proposed IGSK generates a very accurate
parameter values.

0 5 10 15 20

Voltage (V)

0

1

2

3

4

5

6

7

8

C
u

rr
e

n
t 

(A
)

Measured data

Simulated curve

(a)

0 5 10 15 20

Voltage (V)

0

20

40

60

80

100

120

P
o

w
e

r(
 W

)

Measured data

Simulated data

(b)

Figure 11: Comparison of the model and simulated data obtained from IGSK for the STP6-120/36 model: (a) I-V curve, and (b) P-V curve

As a further analysis, Table 16 shows the the statistical comparative summary data in the forms of Min, Max,
Median, Mean and standard deviation of RMSE values obtained from the proposed IGSK and the state-of-the-art
algorithms. Considering Min RMSE, IGSK, GSK, ECM-JADE, MADE, JADE, EPSDE, MPEDE and SSA obtained
the least Min RMSE value (1.6600603E-02). IGSK, ECM-JADE, MADE, JADE and SSA achieved the least Median
RMSE value (1.6600603E-02). IGSK, ECM-JADE and SSA obtained the least RMSE for both Max and Mean RMSE
value. The proposed IGSK obtained the minimum standard deviation value, showing the stability of the algorithm
proposed.

From the Wilcoxon sum rank test, as presented in Table 17, it is clear that the proposed algorithm is statistically
superior to all algorithms except SSA, but the IGSK has higher rank sum value (266) as compared to the SSA (169).

4.4. Effect of different components of the IGSK

As mentioned earlier, the proposed algorithm (IGSK) has two modifications that lead to improved performance of
the GSK algorithm. In this section, to analyze the effect of each added component on the performance of the proposed
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Table 16: Comparative summary of the algorithms for STP6-120/36
Algorithms Min Max Median Mean Std.

IGSK 1.6600603E-02 1.6600603E-02 1.6600603E-02 1.6600603E-02 1.7069489E-16
GSK 1.6600603E-02 1.6608331E-02 1.6600626E-02 1.6601130E-02 1.5170991E-06

ECM-JADE 1.6600603E-02 1.6600603E-02 1.6600603E-02 1.6600603E-02 4.6915562E-15
MADE 1.6600603E-02 1.6789911E-02 1.6600603E-02 1.6632154E-02 7.1757059E-05
CoDE 1.7793622E-02 2.7231520E-02 2.3471844E-02 2.3266813E-02 2.0256781E-03
JADE 1.6600603E-02 2.9749045E-02 1.6600603E-02 1.8087735E-02 3.6491214E-03

EPSDE 1.6600603E-02 2.2725621E-01 1.6768502E-02 3.2696567E-02 5.3369628E-02
MPEDE 1.6600603E-02 2.8869826E-02 1.6600676E-02 1.7195630E-02 2.2515845E-03

SaDE 2.3741627E-02 4.3814467E-02 3.2608665E-02 3.2451758E-02 4.7067094E-03
jDE 1.6670790E-02 4.8591582E-02 2.6302310E-02 2.6767704E-02 6.9181796E-03
SSA 1.6600603E-02 1.6600603E-02 1.6600603E-02 1.6600603E-02 6.1134993E-15

IJAYA 1.7175432E-02 1.1411177E-01 2.5152166E-02 2.9839835E-02 1.7305134E-02
PGJAYA 1.6686870E-02 1.1134632E-01 1.7541043E-02 2.3691915E-02 1.8561192E-02
MLBSA 1.6742782E-02 9.4214534E-02 3.3660051E-02 3.7034209E-02 1.4143875E-02

Table 17: Results obtained by the Wilcoxon test for STP6-120/36 model
Algorithms R+ R− Exact P-value Dec.

IGSK vs. GSK 465.0 0.0 1.8626E-9 +

IGSK vs. ECM-JADE 417.0 18.0 9.424E-7 +

IGSK vs. MADE 465.0 0.0 1.8626E-9 +

IGSK vs. CoDE 465.0 0.0 1.8626E-9 +

IGSK vs. JADE 430.0 5.0 3.726E-8 +

IGSK vs. EPSDE 465.0 0.0 1.8626E-9 +

IGSK vs. MPEDE 463.5 1.5 4.657E-9 +

IGSK vs. SaDE 465.0 0.0 1.8626E-9 +

IGSK vs. jDE 465.0 0.0 1.8626E-9 +

IGSK vs. SSA 266.0 169.0 ≥ 0.2 ≈

IGSK vs. IJAYA 465.0 0.0 1.8626E-9 +

IGSK vs. PGJAYA 465.0 0.0 1.8626E-9 +

IGSK vs. MLBSA 465.0 0.0 1.8626E-9 +
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algorithm, two IGSK variants are introduced, i.e., GSK only with the population size dynamic reduction mechanism,
called IGSK-1, and GSK with only parameter adaptation mechanism, called IGSK-2.

The summary of the statistical results obtained from GSK, IGSK-1, IGSK-2 and IGSK is presented in Table 18.
All algorithms are able to obtain the least Min RMSE values for all test models, except IGSK-2 for SDM and DDM.

In regards to Max RMSE values, the proposed algorithm IGSK is able to achieve better results than GSK for all
test models. For the SDM, STM6-40/36 and STP-120/36 models, IGSK-2 and IGSK are able to obtain better Max
RMSE values than GSK. For DDM model, IGSK obtains better result than GSK, IGSK-1 and IGSK-2. In terms of
Mean RMSE values, IGSK obtains better least Mean RMSE values for all models. Also, IGSK-1 obtains the least
Mean RMSE values for SDM and STM6-40/36 test models. In terms of CPU time, Table 18 shows that IGSK adds
almost no extra computational time when compared with original GSK.

Table 18: Comparative summary of the different components of proposed algorithm

Model Algorithms RMSE CPU time (s)Min Max Median Mean Std

SDM

GSK 9.8602188E-04 9.8619116E-04 9.8602192E-04 9.8602912E-04 3.1386836E-08 4.85
IGSK-1 9.8602188E-04 9.8602188E-04 9.8602188E-04 9.8602188E-04 3.1793743E-13 5.38
IGSK-2 9.8602188E-04 9.8779754E-04 9.8602192E-04 9.8608452E-04 3.2385074E-07 5.01
IGSK 9.8602188E-04 9.8602188E-04 9.8602188E-04 9.8602188E-04 3.5821018E-17 5.34

DDM

GSK 9.8248485E-04 9.8671403E-04 9.8286822E-04 9.8384058E-04 1.5497268E-06 13.66
IGSK-1 9.8248485E-04 1.0060730E-03 9.8556155E-04 9.8578888E-04 4.5561468E-06 14.57
IGSK-2 9.8249980E-04 9.8803591E-04 9.8504163E-04 9.8476746E-04 1.5826428E-06 13.20
IGSK 9.8248485E-04 9.8602188E-04 9.8248485E-04 9.8272774E-04 8.9578942E-07 14.08

Photowatt-PWP201

GSK 2.4250749E-03 2.4250749E-03 2.4250749E-03 2.4250749E-03 8.7698960E-12 4.91
IGSK-1 2.4250749E-03 2.4285261E-03 2.4250749E-03 2.4251899E-03 6.3010667E-07 5.29
IGSK-2 2.4250749E-03 2.4271067E-03 2.4250749E-03 2.4251906E-03 4.4705828E-07 4.90
IGSK 2.4250749E-03 2.4250749E-03 2.4250749E-03 2.4250749E-03 6.4989523E-16 5.37

STM6-40/36

GSK 1.7298137E-03 1.7298514E-03 1.7298137E-03 1.7298157E-03 7.2630843E-09 8.57
IGSK-1 1.7298137E-03 1.7298137E-03 1.7298137E-03 1.7298137E-03 1.1984184E-14 9.23
IGSK-2 1.7298137E-03 1.7298205E-03 1.7298137E-03 1.7298140E-03 1.2367642E-09 8.63
IGSK 1.7298137E-03 1.7298137E-03 1.7298137E-03 1.7298137E-03 2.2454857E-17 9.01

STP-120/36

GSK 1.6600603E-02 1.6608331E-02 1.6600626E-02 1.6601130E-02 1.5170991E-06 8.74
IGSK-1 1.6600603E-02 1.6600609E-02 1.6600603E-02 1.6600603E-02 1.0733228E-09 9.09
IGSK-2 1.6600603E-02 1.6604535E-02 1.6600613E-02 1.6601008E-02 1.0265443E-06 8.47
IGSK 1.6600603E-02 1.6600603E-02 1.6600603E-02 1.6600603E-02 4.6915562E-15 9.06

The proposed IGSK with its different components were compared using the Wilcoxon sum rank test, with the
summary of the results presented in Table 19. From Table 19, it can be seen that the proposed IGSK is significantly
better than all its components and the original GSK as well for all test models, except IGSK-1 for Photowatt-PWP120
and STM6-40/36 models with a bias towards the proposed algorithm as indicated by the R+ values.

As a further comparison, the convergence graphs comparing the different components of the proposed algorithm
are depicted in Figure 12, from which it is clear that the proposed IGSK has a faster convergence rate compare with the
other algorithms in all test models. IGSK-2 has faster convergence than GSK and IGSK-1 for SDM, STM6-40/36 and
STP-120/36, while IGSK-1 has faster convergence for SDM. Considering the statistical results of the comprehensive
analysis, IGSK has remarkable performance in terms of robustness, accuracy and convergence.

4.5. Experiments with manufacturer’s data sheet
In this section, we further tested the performance of the proposed IGSK algorithm by extracting the parameters of

two commercial PV models (i.e., Thin Film ST40 and Mono-crystalline SM55) [49, 50]. The I-V characteristic curves
of the extracted parameters obtained by IGSK are compared with those obtained from the manufactures data sheets
for the same modules under the same conditions. The data of the (I-V) characteristic curves are obtained directly from
the manufacturer data sheets at different temperature and irradiance levels. The data was obtained at five different
irradiance values (i.e., 1000 W/m2, 800 W/m2, 600 W/m2, 400 W/m2 and 200 W/m2) with fixed level of temperature,
four levels of temperature for Thin film ST40 (i.e., 25 oC, 40 oC, 55 oC and 70 oC) with fixed irradiance level and
three levels of temperature for Mono-crystalline SM55 (i.e. 25 oC, 40 oC and 60 oC) with fixed irradiance level. The
ranges of the parameters are set as Iph ∈ [0, 2IS C], Isd ∈ [0, 100], Rs ∈ [0, 2], Rsh ∈ [0, 5000] and n ∈ [1, 4]. IS C is the
short circuit current computed by the following equation [31]:

27



0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

FES

10
-3

10
-2

10
-1

10
0

R
M

S
E

(l
o
g
)

IGSK

GSK

IGSK-1

IGSK-2

(a)

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

FES 10
4

10
-3

10
-2

10
-1

10
0

R
M

S
E

 (
lo

g
)

IGSK

GSK

IGSK-1

IGSK-2

(b)

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

FES

10
-3

10
-2

10
-1

10
0

R
M

S
E

 (
lo

g
)

IGSK

GSK

IGSK-1

IGSK-2

(c)

0 5000 10000 15000

FES

10
-3

10
-2

10
-1

R
M

S
E

 (
lo

g
)

IGSK

GSK

IGSK-1

IGSK-2

(d)

0 5000 10000 15000

FES

10
-2

10
-1

10
0

R
M

S
E

 (
lo

g
)

IGSK

GSK

IGSK-1

IGSK-2

(e)

Figure 12: Convergence graphs of different components of the proposed algorithm for: (a) SDM ; (b) DDM; (c) Photowatt-PWP201; (d) STM6-
40/36; and (e) STP-120/36
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Table 19: Results obtained by the Wilcoxon test comparing IGSK, GSK, IGSK-1 and IGSK-2
Model Algorithms R+ R− Exact P-value Dec.

SDM
IGSK vs. GSK 465.0 0.0 1.8626E-9 +

IGSK vs. IGSK-1 412.5 52.5 7.483E-5 +

IGSK vs. IGSK-2 435.0 0.0 3.726E-9 +

DDM
IGSK vs. GSK 396.0 69.0 4.184E-4 +

IGSK vs. IGSK-1 447.0 18.0 4.712E-7 +

IGSK vs. IGSK-2 462.0 3.0 9.314E-9 +

Photowatt-PWP120
IGSK vs. GSK 433.5 1.5 9.313E-9 +

IGSK vs. IGSK-1 232.0 203.0 ≥ 0.2 ≈

IGSK vs. IGSK-2 435.0 0.0 3.726E-9 +

STM6-40/36
IGSK vs. GSK 465.0 0.0 1.8626E-9 +

IGSK vs. IGSK-1 285.0 150.0 0.14936 ≈

IGSK vs. IGSK-2 465.0 0.0 1.8626E-9 +

STP-120/36
IGSK vs. GSK 465.0 0.0 1.8626E-9 +

IGSK vs. IGSK-1 382.5 52.5 1.47480E-4 +

IGSK vs. IGSK-2 465.0 0.0 1.8626E-9 +

IS C(G,T ) = IS C−S TC ×
G

GS TC
+ α × (T − TS TC) (21)

where IS C−S TC , TS TC and GS TC are the short circuit current, temperature and irradiance at standard test conditions,
respectively (i.e., at 1000 W/m2, 25 oC). α represents the coefficient of temperature for short circuit current at standard
test condition (α = 0.0035). The value of the IS C−S TC used in this paper is 3.45.

The obtained optimal parameter values are extracted and presented in Tables 20-22. Table 20 presents the optimal
parameter’s values extracted by IGSK for Thin Film ST40 and Mono-crystalline SM55 for different irradiance levels
with a fixed temperature. The optimal parameter’s values obtained by the proposed IGSK for Thin Film ST40 and
Mono-crystalline SM55 for different temperature levels with a fixed irradiance value are presented in Table 21, 22,
respectively.

To confirm the accuracy of the obtained parameter values, the values of the extracted parameters were substituted
into Equation 4 to compute the output current and the (I-V) characteristic curves are plotted for the two PV module
models: at different irradiance as presented in Figure 13 and at different temperature values as in Figure 14. It can be
concluded from Figures 13 and 14 that the values of the extracted optimal parameters obtained by the proposed IGSK
algorithm present accurate (I–V) characteristic curves over the entire ranges of the experiment data set with very low
RMSE at all irradiance levels and temperature values under test.

In the Thin Film ST40 models, Table 23 presents the statistical mean RMSE and standard deviation at different
irradiance levels with a fixed temperature. For different irradiance values (i.e.,G=1000 W/m2, 800 W/m2, 600 W/m2,
400 W/m2 , 200 W/m2), it is clear that the proposed IGSK obtains the best results among all other competing al-
gorithms, with very low standard deviation values indicating that the proposed IGSK produces consistent solutions.
Table 24 presents the results obtained from the proposed IGSK and the rival algorithms for solving the Thin Film
SM40 using different temperature level with a fixed irradiance value. From Table 24, it is clear that the proposed
IGSK has the ability to achieve a very low RMSE values in comparison to other algorithms, with a very low standard
deviation value indicating the stability of the proposed IGSK.

Considering the Mono-Crystalline SM55 module, Table 25 presents the average RMSE and standard deviation
for different irradiance levels (i.e.,G=1000 W/m2, 800 W/m2, 600 W/m2, 400 W/m2 , 200 W/m2) with a constant
temperature (i.e., T = 25oC). It can be seen from Table 25 that the proposed IGSK produces very good results
(minimum Mean RMSE values) among all the compared algorithms with a very small standard deviation value. Table
26 shows the statistical mean RMSE and the standard deviation values obtained from the proposed algorithm and the
competing algorithms considering different temperature levels (i.e., T = 25oC, T = 40oC and T = 70oC) with a fixed
irradiance value (i.e., G=1000 W/m2). It can be concluded from this table that IGSK is able to achieve very promising
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Table 20: Optimal parameters extracted by IGSK for Thin film and Mono-crystalline SM55 at different irradiance and temperature of T = 25
o
C

Parameter Thin film ST40 Mono-crystalline SM55
G=1000 W/m2

Iph 2.675799817 3.450103564
Isd 0.000001529 0.000000171
Rs 0.030922944 0.009142992
Rsh 9.933289768 13.441679878
n 1.590308927 1.268150890

RMSE 7.34098527E-04 1.14621464E-03
G=800 W/m2

Iph 2.138014756 2.760381700
Isd 0.000001158 0.000000144
Rs 0.031257967 0.009377506
Rsh 9.246914991 12.774402523
n 1.561549803 1.254878065

RMSE 7.73905214E-04 6.68579466E-04
G=600 W/m2

Iph 1.604809723 2.070896544
Isd 0.000001442 0.000000156
Rs 0.030905937 0.009180625
Rsh 9.658185591 12.501903805
n 1.585581959 1.260683628

RMSE 6.74035744E-04 8.23949402E-04
G=400 W/m2

Iph 1.067544228 1.382844133
Isd 0.000001849 0.000000100
Rs 0.030016120 0.011018170
Rsh 10.069847060 11.862512078
n 1.615934150 1.228387245

RMSE 6.30724572E-04 7.07608183E-04
G=200 W/m2

Iph 0.533137404 0.691509835
Isd 0.000001430 0.000000146
Rs 0.032936699 0.007961664
Rsh 9.582867918 12.450297463
n 1.587384934 1.254438291

RMSE 4.77200792E-04 7.07608183E-04

Table 21: The values of the extracted parameters for Thin Film ST40 PV module obtained by IGSK at different temperature levels with G=1000
W/m2

Parameters T=25 oC T=40 oC T=55 oC T=70oC
Iph 2.675799817 2.680911956 2.691968488 2.692329477
Isd 0.000001529 0.000005666 0.000018681 0.000087522
Rs 0.030922944 0.031369381 0.031933034 0.031274686
Rsh 9.933289768 10.114159928 8.195048948 10.215367237
n 1.590308927 1.643818169 1.691405716 1.806277042

RMSE 7.34098527E-04 1.32141373E-03 1.82326007E-03 7.77718042E-04
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Table 22: The values of the extracted parameters for Mono-crystalline SM55 PV module obtained by IGSK at different temperature levels with
G=1000 W/m2

Parameters T=25 oC T=40 oC T=60 oC
Iph 3.450103564 3.469137516 3.494608468
Isd 0.000000171 0.000001145 0.000006909
Rs 0.009142992 0.008697109 0.008852937
Rsh 13.441679878 14.807477934 13.468998937
n 1.268150890 1.353029172 1.426551794

RMSE 1.14621464E-03 3.78881465E-03 3.78038807E-03
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Figure 13: Comparison of the measured and simulated data obtained by IGSK at different irradiance with temperature of 25 oC:(a) Thin Film ST40,
and (b) Mono-crystalline SM55
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Figure 14: Comparison of the measured and simulated data obtained by IGSK at different irradiance with temperature of 25 oC:(a) Thin Film ST40,
and (b) Mono-crystalline SM55
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results.
From the results and analysis above, the proposed IGSK algorithm offers the following advantages:

(i) IGSK is able to produce high accurate results with a very low RMSE values;
(ii) IGSK produces very consistent solutions as indicated by very small (near zero) standard deviation values;

(iii) IGSK converges faster than others to the optimal or near optimal solutions; and
(iv) IGSK has fewer control parameters.

Table 23: Results on Thin-Film SM40 module at different irradiance with the temperature of 25 oC.

Algorithms G=1000 W/m2 G=800 W/m2 G=600 W/m2 G=400 W/m2 G=200 W/m2

Mean Std. Mean Std. Mean Std. Mean Std. Mean Std.
IJAYA 7.8742E-03 7.4404E-04 8.5018E-03 3.1271E-04 6.8884E-03 1.0891E-03 5.6559E-03 1.6612E-03 1.5908E-03 8.5127E-04

PGJAYA 6.0499E-03 1.1998E-03 6.4869E-03 1.1511E-03 4.3236E-03 1.6580E-03 3.2788E-03 1.3455E-03 9.2339E-04 2.3034E-04
MLBSA 6.4936E-03 1.2421E-03 1.8237E-02 5.9922E-02 4.8613E-03 1.4843E-03 3.9973E-03 1.3938E-03 1.0893E-03 1.9379E-04
CoDE 3.1196E-03 5.6299E-04 3.1331E-03 4.3015E-04 2.1249E-03 2.4727E-04 1.6891E-03 2.3683E-04 5.3869E-04 2.3938E-05
JADE 1.2046E-03 1.7907E-03 1.4017E-03 1.9402E-03 6.7404E-04 2.4267E-17 8.0872E-04 6.3394E-04 5.2687E-04 1.8904E-04
SaDE 6.4530E-03 1.3290E-03 6.3898E-03 1.4972E-03 3.8220E-03 1.0466E-03 3.1050E-03 5.8198E-04 9.3537E-04 9.8399E-05
jDE 3.9294E-03 9.8736E-04 4.1188E-03 8.0431E-04 2.4179E-03 4.6822E-04 1.7416E-03 3.2405E-04 5.8475E-04 4.8319E-05

EPSDE 7.3675E-04 1.4547E-05 1.0462E-03 1.4912E-03 7.4180E-04 2.8527E-04 6.3072E-04 2.8425E-17 1.6298E-02 8.6655E-02
ECM-JADE 7.3410E-04 1.7588E-16 7.7391E-04 8.8896E-13 6.7404E-04 1.6025E-13 6.3072E-04 4.4865E-13 4.7720E-04 1.4871E-17

GSK 1.1032E-03 1.4036E-03 7.7391E-04 1.5991E-16 6.7404E-04 1.0059E-09 8.1382E-04 1.0028E-03 4.7720E-04 6.5828E-18
IGSK 7.3410E-04 6.9778E-17 7.7391E-04 4.4339E-17 6.7404E-04 2.2529E-17 6.3072E-04 2.3859E-17 4.7720E-04 5.3209E-18

Table 24: Results on Thin-Film SM40 module at different temperatures and irradiances of 1000 W/m2.

Algorithms T=25 oC T=40 oC T=55 oC T=70 oC
Mean Std. Mean Std. Mean Std. Mean Std.

IJAYA 7.7770E-03 5.4766E-04 6.5287E-03 3.7550E-04 5.9271E-03 8.2461E-04 2.3585E-03 1.9723E-03
PGJAYA 5.9932E-03 1.2413E-03 5.0027E-03 1.0081E-03 4.8191E-03 8.2690E-04 8.6396E-04 8.8877E-05
MLBSA 6.7657E-03 1.5734E-03 4.6369E-03 1.4389E-03 1.6906E-02 7.1320E-02 1.5145E-02 7.8002E-02
CoDE 3.1196E-03 5.6299E-04 1.7128E-03 1.3695E-04 1.8303E-03 1.1726E-05 7.7772E-04 1.7327E-14
JADE 1.2046E-03 1.7907E-03 1.6356E-03 1.2450E-03 1.8829E-03 3.2692E-04 7.7772E-04 6.7191E-17
SaDE 6.3535E-03 8.2381E-04 4.2167E-03 1.1785E-03 2.7540E-03 6.4659E-04 7.8044E-04 5.7989E-06
jDE 3.8588E-03 7.9498E-04 2.3062E-03 6.0795E-04 1.8799E-03 1.0116E-04 7.7772E-04 2.2869E-15

EPSDE 3.2971E-03 1.4038E-02 1.3216E-03 9.9764E-07 1.8233E-03 5.9319E-11 7.7772E-04 1.1465E-16
ECM-JADE 7.3410E-04 1.7588E-16 1.3214E-03 1.8341E-13 1.8233E-03 8.8565E-17 7.7772E-04 6.9814E-17

GSK 1.1032E-03 1.4036E-03 1.3214E-03 6.6024E-17 1.8233E-03 7.2652E-17 7.7772E-04 6.2694E-17
IGSK 7.3410E-04 6.9778E-17 1.3214E-03 5.8068E-17 1.8233E-03 7.1111E-17 7.7772E-04 5.6523E-17

Further, the statistical summary of the obtained results by the proposed algorithm (IGSK) and the rival algorithms
including the average and standard deviation of the RMSE values are reported in Tables 23.

5. Conclusion and Future Work

As determining the optimal values of the parameters plays an essential role in a PV system operation, this pa-
per proposes an improved variant of the Gaining-Sharing Knowledge algorithm to extract the unknown parameters
of several PV models accurately and precisely. The performance of the original GSK algorithm has been enhanced
by employing the knowledge rate adaptive mechanism, linear population size reduction mechanism and the bound-
constraint handling mechanism. We test the effectiveness of the proposed IGSK by extracting the unknown parame-
ters of different PV models, including the SDM, DDM, PV modules and two other commercial ones (Thin Film ST40
and Mono-crystalline SM55). For those modules, the proposed IGSK receptively produces the following outcomes:
0.00098602188, 0.0009827277, 0.0024250749, 0.0017298137, and 0.016600603. The proposed IGSK demonstrates
the superior performance to that of the original GSK. In comparison with other state-of-the-art algorithms, the pro-
posed IGSK shows excellent performance in terms of fast convergence, and accurate and reliable parameter values. In
addition, the proposed IGSK has been applied to determine the optimal parameter value of two practical PV models at
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Table 25: Results on Mono-crystalline SM55 module at different irradiance with the temperature of 25 oC.

Algorithms G=1000 W/m2 G=800 W/m2 G=600 W/m2 G=400 W/m2 G=200 W/m2

Mean Std. Mean Std. Mean Std. Mean Std. Mean Std.
IJAYA 1.4315E-02 4.2408E-03 8.6640E-03 1.5132E-03 8.6695E-03 1.0664E-03 4.3405E-03 9.9563E-04 3.0458E-03 1.8920E-03

PGJAYA 6.9786E-03 1.1864E-03 6.8460E-03 1.0193E-03 5.8870E-03 1.5958E-03 2.6974E-03 5.7671E-04 6.1937E-04 1.6584E-04
MLBSA 1.0910E-02 2.3316E-03 1.9160E-02 6.3472E-02 6.7088E-03 1.2897E-03 8.3410E-03 2.8570E-02 6.9197E-04 2.2500E-04
CoDE 6.5109E-03 1.1197E-03 4.0119E-03 3.7892E-04 3.1738E-03 3.4470E-04 1.4558E-03 9.4434E-05 3.4156E-04 9.5225E-06
JADE 3.0996E-03 5.3765E-03 2.7618E-03 3.6089E-03 1.9621E-03 2.3284E-03 9.8481E-04 6.9331E-04 5.4756E-04 5.9812E-04
SaDE 1.4956E-02 3.7674E-03 7.6214E-03 1.2790E-03 5.9281E-03 7.2403E-04 2.7347E-03 2.9373E-04 6.2774E-04 2.4050E-04
jDE 9.0071E-03 1.3351E-03 4.6376E-03 8.1600E-04 4.1292E-03 5.5896E-04 1.6950E-03 1.8939E-04 3.8219E-04 3.2589E-05

EPSDE 4.9596E-03 1.0393E-02 6.6858E-04 9.4229E-17 1.7353E-03 2.7809E-03 6.1746E-03 2.8973E-02 3.4068E-04 7.6086E-05
ECM-JADE 1.1463E-03 3.4329E-07 6.7027E-04 9.0448E-06 8.2396E-04 5.8452E-08 7.0762E-04 3.3089E-08 3.2069E-04 1.4177E-17

GSK 1.2257E-03 4.3546E-04 6.6858E-04 2.9881E-12 8.2395E-04 5.5149E-17 7.0761E-04 2.7084E-17 3.2069E-04 3.6111E-18
IGSK 1.1462E-03 3.9358E-17 6.6858E-04 5.1693E-17 8.2395E-04 4.6112E-17 7.0761E-04 1.4392E-17 3.2069E-04 3.1251E-18

Table 26: Results on Mono-crystalline SM55 module at different temperature and irradiance of 1000 W/m2.

Algorithms T=25 oC T=40 oC T=70 oC
Mean Std. Mean Std. Mean Std.

IJAYA 1.4508E-02 5.0222E-03 8.7473E-03 1.8196E-03 7.0995E-03 1.2562E-03
PGJAYA 7.5928E-03 1.6796E-03 6.2769E-03 8.3701E-04 5.8613E-03 9.2731E-04
MLBSA 3.0131E-02 1.0842E-01 2.8805E-02 1.1578E-01 5.5955E-03 9.6579E-04
CoDE 6.5109E-03 1.1197E-03 4.7408E-03 3.9332E-04 3.8395E-03 5.7872E-05
JADE 3.0996E-03 5.3765E-03 4.4137E-03 1.9912E-03 4.0571E-03 1.0441E-03
SaDE 1.4068E-02 2.6994E-03 9.8974E-03 2.0645E-03 5.9792E-03 1.3087E-03
jDE 9.0780E-03 1.2523E-03 6.3219E-03 8.5261E-04 4.2350E-03 2.8422E-04

EPSDE 6.0977E-03 1.1743E-02 7.3606E-03 1.0248E-02 5.8758E-03 1.0550E-02
ECM-JADE 1.1463E-03 3.4329E-07 3.7888E-03 1.8756E-16 3.7804E-03 2.0934E-16

GSK 1.2257E-03 4.3546E-04 3.9395E-03 7.3493E-04 3.7804E-03 1.6948E-16
IGSK 1.1462E-03 3.9358E-17 3.7888E-03 8.5459E-17 3.7804E-03 1.1109E-16
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different temperature and different irradiance levels, which shows that the ability of IGSK to solve complex practical
PV models. It can be concluded that the proposed IGSK can be a useful alternative algorithm to solve complex prob-
lems for not only parameter extraction of PV models but also other types of real-world problems, such as economic
dispatch.

The proposed IGSK algorithm in its current form will not be able to solve multi-objective optimization problems
or constrained problems. Therefore, in the future, the proposed IGSK will be adapted to solve problem involving PV
models with multiple objectives and constraints. It is also intended that performance of the algorithm will be tested
by solving more practical PV module models.
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