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Abstract

In order to determine the unknown parameters of the photovoltaic (PV) model, this paper introduces a novel evolutionary
hybrid optimization technique that combines the single candidate optimizer (SCO) and the chaotic sand cat optimizer (CSCO).
The addition of a chaotic structure to the SCO approach improves its capacity to explore while hindering earlier convergence.
The effective global search capability of the CSCO and the effective local search capability of the SCO technique is credited
with the effectiveness of the suggested hybrid strategy, known as the CSCSC. The effectiveness of the CSCSC algorithm is
assessed using mathematical test functions, and the outcomes are contrasted with those of the conventional SCO and a
number of efficient optimization methods. Following that, the CSCSC method is used to obtain the PV parameters. It is said
that finding these parameters is an objective function whose differences between estimated and experimental data should
be kept to a minimum. To assess how well the CSCSC obtains parameters, the single diode, double diode, and PV module
models are employed. Based on the results of the numerical testing, it can be concluded that the newly presented algorithm
performs better than previously described approaches in the academic literature when it comes to producing optimal
solutions. The simulation findings demonstrate that the novel optimization procedure, which has the lowest root mean

square error, offers better optimal solutions than earlier techniques for all varieties of solar cells.
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1. Introduction

Due to its abundance of resources, safety, lack of pollution,
dependability, and several other benefits, solar energy has
grown in importance as a key renewable clean energy research
and development project in response to serious environmental
pollution and the worldwide energy deficit.! Renewable-
energy system electrical grids need to be more flexible and
dynamic than conventional grids to increase their contribution
to total energy generation and overcome the challenges of
intermittency and varying availability at specific locations.>]
Many countries will need to produce power using renewable
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energy sources due to the effects of global warming getting
worse and the depletion of fossil fuels.l%”) One choice is solar
photovoltaic (PV) systems, which are composed mostly of
solar cells. Due to its abundance and lack of pollutant
production, solar energy is among the most promising
renewable energy sources.l®! To maximize energy conversion,
an ideal based on experimental current and voltage data is
needed for evaluating and predicting PV characteristics.”” In
PV application research, performance and reliability must be
assessed. The key element determining the actual performance
characteristics of the separate components is the electrical
performance of PV cell.' Still, the proficiency of a PV
generation system is extremely subject to environmental
conditions such as partial shade, climate, temperature,
irradiation, and other external factors, as well as unstable
output power.l'" It is critical to examine a set of PV module
(PVM) characteristics in order to replicate real current and
voltage. The static PV models presently used to describe PV
contain the single diode model (SDM), double diode model
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(DDM), and PVM model.l'"” It requires mathematical formulas
and parameter selection to simulate solar PV systems.
Unfortunately, no one knows the values of these parameters,
which limits the applicability of all of these models.["*! The
diode amount, ideality factor, series resistances, shunt
resistance, and other elements comprise the performance
parameter. The I-V data points are often added to the model
equations to create the nonlinear equations, which are then
solved to get the unknown parameters.!'*! The restrained least
squares approach, the best quick descent method, Newton's
method, and Newton's suggested method are some examples
of numerical analytic techniques that are frequently used to
The
approaches, however, rely on gradient information to tackle

solve nonlinear problems.!'51¢ aforementioned
the issue and have a number of drawbacks, including
susceptibility to noise, poor accuracy, method complexity, and
so on. Additionally, some knowledge of numerical analysis is
necessary for the operator to choose the iteration stages, etc.

In recent years, the scientific topic of optimization has gained
significant prominence as a cost-effective methodology for
identifying optimal solutions to complex problems. The
categorization of optimization approaches into four groups has
been based on the type of inspiration. As a result,
metaheuristic algorithms (MAs) have been developed to
address the parameter estimation optimization problem for
PV models

approaches.!'”?”) The existing body of literature demonstrates

solar in relation to numerical analytic
the successful implementation of several MA methods for the
extraction of PV parameters.*37] These methods include the
Genetic Algorithm (GA),”® Particle Swarm Optimization
(PSO),>  Improved JAYA (IJAYA),*  Multi-Verse
Optimization (MVO),?®! Tunicate Swarm Algorithm (TSA),*!
Grey Wolf Optimizer (GWO),B% Resistance—Capacitance
Optimization  Algorithm  (RCOA),Y  Gradient-Based
Optimizer (GBO),? Gaussian and Cauchy Mutation-based
HGSO (GCMHGSO)#
(SSA).B3543

In contrast to their conventional counterparts, these

and Salp Swarm Algorithm

techniques have demonstrated superior accuracy and less
sensitivity to the initial prediction. Several techniques and
their respective modifications are commonly employed for the
direct estimation of parameters in different PV models. It is
important to note that the Root-Mean-Square-Error (RMSE)
of the current was employed as the fitness function for
minimization in all of the strategies. Enhancement of
conjunction, protection from initial guess, lack of singularity
condition, and evaluation of all I-V data points rather than
important spots on the I-V curve are a few benefits of MA
techniques. The and

rate of convergence, precision,
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implementation complexity are all important factors to take
into account while choosing these optimization techniques.
Though, numerous better MAs have been widely proposed by
researchers, and the MAs can readily enter the local optimum.
Accordingly, several studies have been conducted to enhance
the effectiveness and performance of the original MA and
tailor them to a particular application.*7l The literature study
shows that it is very desirable to provide fresh MAs to address
real-world problems. In spite of these advancements,
challenges continue within this rapidly evolving sector. One of
the foremost challenges being faced pertains to the
requirement of substantial volumes of superior-quality data for
training models, alongside issues concerning convergence,
local optima, and overfitting within MAs methodologies.
Nevertheless, the persistent study and innovation in the field
continue to drive the search for solutions to these issues, hence
fostering further advancements in the estimate of parameters
for solar PV cells and modules. It is important to emphasize
that the discovery of universal solutions cannot be guaranteed,
as every heuristic-based framework relies on random
initialization for commencing and updating each method.
Hence, it is evident that none of the existing strategies can
provide a definitive assurance of attaining a comprehensive
worldwide solution. Nevertheless, there remains room for
further advancement in this domain as scholars strive to build
novel algorithms that enhance the probability of avoiding
entrapment in local minima. The limited search capability of
the fundamental algorithm results in its tendency to converge
prematurely by collapsing into local optima rapidly. The
equation pertaining to individual mutations encounters
challenges in effectively reconciling the competing objectives
of exploitation and investigation. In complex scenarios with
limited iterations, the fundamental iterations encounter
challenges in achieving global optima.

A recently industrialized bioinspired MA technique called
the sand cat optimizer (SCO) approach is encouraged by the
sand cat's (SC) search and hunting activity.[*] The invention of
the SCO was motivated by the low-frequency noise-detecting
actions of SCs to locate prey.*¥ In terms of obtaining the best
outcomes, SCO surpasses other strategies and is ideally suited
to real-world optimization settings. The updated version of the
original SCO that is described in this study, the chaotic SCO
(CSCO),
algorithm's capability for searching and exploring. Any MA

contains chaotic sequences to increase the
must be processed with stability between exploitation and
exploration during the search strategy in order to function at
its best. As a global search strategy, CSCO examines a large
area; as a result, when used exclusively, it could not produce

the best results. However, when the objective function is
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complicated and has a lot of variables, CSCO frequently
experiences the same problem as other MAs: being stuck in
local minima. This study has utilized a novel hybrid approach
in order to attain optimal and accurate parameter estimates for
PV cells and modules. A hybrid method based on CSCS and
Single Candidate Optimizer (SCO) has been created to address
this flaw.

SCO, a search engine strategy, uses the local but may do a
thorough search.*’l Due to the different capacities of various
approaches, there is room for hybridization. As a result of the
above, a combination of CSCO and SCO approaches known
as CSCSC was developed and is currently being utilized in the
present effort to identify the least amount of RMSE necessary
to extract the PV parameters. The effectiveness of the
proposed CSCSC strategy is assessed by contrasting its
outcomes in two literature-based benchmark issues with those
of existing approaches. To determine the greater concert of
CSCSC, the effects of the suggested methodology are
associated with six methods for extracting the parameters of
four different PV models, specifically SDM, DDM and PVM.
The numerical experiments validate that the new algorithm
performs better than previous techniques in the literature and
is capable of delivering superior optimal solutions. The
that the
outperform

simulation findings demonstrate innovative

optimization methodology may existing
approaches in a variety of solar cells, achieving the lowest
RMSE. In order to categorize the parameter in various PV
model cells, the suggested CSCSC approach is used.
Providing a reliable, accurate and effective parameter estimate
is the aim of CSCSC. This novel hybrid approach, which is in
line with recent developments in the renewable energy
industry, offers improved performance and efficiency for solar
PV systems.

The following is a quick description of this paper's primary
contributions:
1) A hybrid technique (CSCSC) has been devised for the
purpose of identifying parameters in different PV models.
2) In terms of accuracy and stability, CSCSC constantly
evaluates its parameter identification of various PV cell
models and numerical function to current cutting-edge
methodologies.
3) The CSCSC algorithm enhances the exploitation
capabilities of both SCO's and CSCO's, potentially leading to
substantial improvements in discovery outcomes.
This paper is organized as follows: In Section 2, a novel
recommended approach is presented. The difficulty in the PV
cell model is defined in Section 3. Section 4 presents the
experimental case study and findings. A summary of the
research is provided in Section 5.

© Engineered Science Publisher LLC 2024

2. Overview of proposed method

2.1 Sand Cat Optimization (SCO)

The ability of sand cats (SC) to recognize low-frequency
noises in their environment is what gives the SCO approach
its name.*! The two highest activities of the SC are hunting
and prey assault. The frequency absorption of the SC at
frequencies below 2 kHz is astounding, according to scientific
studies. At this frequency, house cats are about 8 dB less
sensitive than SCs.* These distinctive characteristics enable
the SC to track prey, detect sound (prey movement), and hunt
successfully depending on prey position.

Each issue variable is represented by a SC in the SCO
algorithm. The applicant matrix for the SC inhabitants is first
produced at random between the lower and upper bounds of
the design variables in the SCO technique. As shown in Fig. 1,
the size of the applicant matrix for a d-dimensional
optimization interplanetary with n SCs is equal to Nyop XN,
where pop =1, ..., n.

Dimension
|
M1 2 d 1

ll X X Xig | »Cost,
] i
& zl Xy Xy X | Cost, §
21, i
© H [+4]
(%]

n| Xn ‘ Xn2 Xnd » Cost,,

Fig. 1 Creation of the initial candidate matrix.

Additionally, a particular fitness function is calculated to
determine each SC's fitness value (i.e., cost). A value for the
associated function will be produced by each SC (i.e.,
candidate solution). The SC with the lowest worth at the end
of an iteration is chosen as the most suitable option, and in the
subsequent iteration, the several contenders try to go in the
direction of this chosen cat. In each cycle, the optimal response
can correspond to the cat that is closest to the prey.

The solutions to each SC are denoted by X; = (xis, xi2, ...,
Xid), (i = 1, ..., n). The SCO algorithm makes use of the SC's
ability to hear at low frequencies. The SC can sense
frequencies lower than 2 kHz, as was before mentioned. As a
consequence, it is assumed that a SC's sensitivity range when
looking for prey begins at 2 kHz and stops at 0 kHz. The vector
7; is added to represent this mechanism and in the
mathematical simulation of the algorithm, and it will linearly
decline 0 from two as the amount of iterations grows in
accordance with the next equationlél:

a _ SM _ (SMxt)

tmax

(1
It is based on the SC's hearing qualities, the Sy value is meant
to be 2.1l The maximum number of iterations is indicated by
fuax, Where ¢ denotes the present iteration. Each search agent's
position is updated throughout the searching phase based on

the best-candidate situation (Posy), its current situation Pos, ,
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and its sensitivity range ('), using the following equation:

Pos(t + 1) = . (Pos, (t) — rand (0,1).Pos,(t))  (2)
Separately SC has a unique sensitivity range (7°), which is
determined by Eq. (3), to avoid the local optimum trap.

7 =75 X rand (0,1) 3)

The broad sensitivity range is thus (7;), which is linearly
decreased from 2 to 0. Additionally, 7 displays each cat's
sensitivity range. !

The following equation is used to update each SC's
position both after examining and during the attacking phase
of SCO:

Pos(t + 1) = Pos, (t)-F. PoSng. cos(6) (@)
where (P0s,,4) is the location of a randomly chosen SC based
on the next equation, and @ is a random angle among 0 and
360.

P0Spmq = |rand (0,1). Pos, (t) — Pos,(t)| 5)
Lastly, The last and most crucial component of the method for
determining when to switch between the exploration
(searching) and exploitation (attacking) phases is the R
parameter, which is derived from Eq. (6).1
R=2x7 xrand (0,1) — 7, (6)
The SCO militaries the exploration causes to exploit once R is
fewer than or equal to 1; otherwise, they are compelled to
explore and discover prey.*®! As a result, Eq. (6) serves as the
SCO algorithm's final updating position equation. !
X(t+1)=
Pos,(t) — P0S,q(t).cos (0).7
7. (Pospe(t) — rand (0,1). (m(t)) |R| > 1; exploitation
(7)
as shown by Eq. (7). When |R| < 1, SCs are told to attack their
prey; if not, they are instructed to look for another workable
option in the region. The SCO pseudocode is found in
Algorithm 1.

IR| < 1;exploitation

2.2 CSCO method

The objective of the current study is to demonstrate the
worldwide search capacity of the SCO. In order to accomplish
this and increase the algorithm's exploring capability, the
chaotic series is used in the sensitivity range parameter of Eq.
(3).

Unpredictability, irregularity, and stochastic characteristics
are characteristics of chaotic processes, which are
deterministic organizations modified by the initial conditions.
Due to their intrinsic irregularity, chaotic limits can move
external of specified bounds without retelling. A chaotic map
is one that may produce chaotic movement and exhibits some
form of chaotic pattern. The well-known logistic map applied
in this study, which is based on the equation:

pt+1) =a x p(®) x (1 —u@) (®)
where ¢ is the iteration number and , 4 () denotes the chaotic
map. a stands for a constant that is equal to 4. u(0) should not
be identical to 0, 0.25, 0.5, 0.75, or 1. u (0) should be
initialized between 0 and 1. The sensitivity range (7)
evaluation equation in the CSCO uses the x4 as a simple
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random integer to improve the algorithm's stochastic
characteristics while avoiding previous convergence. In light
of the following equation, a SC's position will be updated:
X+ =
Pos, (t) — P0S,q(t).cos (0).7; X u
76 X . (Posp.(t) — rand (0,1). (Posc (t))
[R| > 1; exploitation

[R| < 1;exploitation

®

Additionally, in the proposed CSCO, a new SC will be

substituted for the weakest SC delivering the greatest fitness

value at individually iteration in order to develop the

algorithm's exploration and search abilities, as shown in the

following equation:
_ {randl X P0Sypq(t) if rand; < 0.5
Xworst = (10)
Ximin t randz X (xi max — Xi min)

where rand,, rand,and rand; are uniform random numbers

between 0 and 1, and x5 1S the SC with the greatest fitness
value. Fig. 2 shows a flow chart of the proposed method.

2.3 Single Candidate Optimizer (SCO)
SCO only takes into account one potential response in its quest
for superior alternatives, in contradiction of the bulk of the
presently employed searching algorithms, which depend on a
swarm of particles, throughout the period of the total
optimization procedure. The proposed technique divides the
Tmax function iterations or evaluations into two phases, with
each phase's proposed resolution updating its situation in a
unique way. The SCO method combines the single candidate
method and the two-phase strategy to produce a single,
reliable algorithm. The method, most notably, updates the
candidate solution's situation solely based on its information,
i.e., its position at the moment, using a unique set of equations.
The first stage of SCO ends with the completion of 7 function
evaluations, and the second stage, where T; + 7> = T4, begins
with 7> function evaluations.
Throughout the first stage of SCO, the candidate
explanation moves to the following positions:
{gbestj + (W|gbestj|) if rand; < 0.5
x}- = (1 1)
gbest; — (W|gbestj|),
where rand; is an integer uniformly chosen at random between
[0, 1]. Weight (w) is defined mathematically as follows:

()
w(t) =exp ‘Tmax (12)
where T4y is the maximum number of function evaluations, b
is a constant value, and ¢ is the current function evaluation or
iteration. The second phase of SCO conducts a deep search
after carefully surveying the vicinity of the best place
identified in the first phase. The latter parts of Phase Two help
to focus on promising regions and restrict the search area. The
candidate solution shifts into a new place as the second phase
goes on, as seen below:

_ (gbestj +w X rand,(ub; — lb;) if rand, < 0.5
= { gbest; —w x rand, (ub; — lb;) else

(13)
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Choose the size of populations (7) and
Maximum number of iterations

v

Generate random population of sand cats

v

Calculate the fitness of each sand cat

v

| Pick the best cat with lowest fitness value

v

Calculate rG using Eq. (1)

v

Calculate R based on Eq. (6)
Calculate i using Eq. (7)

Get a random angle between 0 and 360

v

Update the sand cat position based on Eq. (8)

v

Calculate the fitness of each updated sand cat

v

Change the worst agent with a new one using
Eq. (9)

Stopping criterion is satisfied?

Export the result of CSCO

Fig. 2 Algorithm for CSCO.

where ub; and lb; are the upper and lower bounds of the
boundaries, and rand,, is a separate random mutable with a [0,
1] variety. The most important SCO parameter, w, is in
responsible of finding the right stability among exploration
and exploitation. The amount of function assessments leads to
an exponential decline in w from Eq. (12). A comparatively
large value of w at the start of the search procedure helps in
efficiently exploring the search space, while a small value of
w at the end of the optimization method increases the
exploitation capabilities. This behavior is crucial. One of the
major problems of MA approaches is their propensity to
become caught in local optima, especially in the later phases
of the search process. The second step of SCO's solution to
this issue involves revising the position of the candidate
solution in a different manner if no fitness improvement is
seen after m successive function evaluations. A counter c is
used to determine the number of function evaluations m that
cannot sequentially improve fitness. The binary parameter p,

© Engineered Science Publisher LLC 2024

where p = 1 denotes an effective fitness enhancement and p =
0 shows a failed fitness development, is used to evaluate the
updated candidate's potential to realize an effective fitness.

In the next stage of SCO, an applicant solution updates its
location in accordance with Eq. (13), but if acting m repeated
function assessments does not raise the fitness value, the
candidate explanation relocates as follows:

= {gbestj + rand;(ub; — lb;) if rand, < 0.5

J gbest; — randz(ub; — b)) else

(14)
In Eq. (14), the candidate solution can change from
exploitation to exploration, which aids in its emission from the
local minimum. It is infrequently possible for the values of
some variables to diverge from the intended range or
boundaries when their placements are altered. The updated
locations are set as follows to stop a variable from crossing its
upper bound or lower bound if the value of the variable is
larger than either.
) = {gbestj lf x].> ub; (15)

gbest; if xj <b;

In Eq. (15), the efficient measurement of an applicant solution
is allocated the same value as the overall best value if the
efficient position is outside the bounds. In SCO, one candidate
solution x is randomly generated and then iteratively updated
to search for a superior one. Fig. 3 shows the flowchart for the

SCO. The creation of the first possible solution is shown below.
xj = lbj + rand,(ub; — lb;) (16)

2.4 Hybrid CSCO and SCO

A hybrid approach to problem solving combines two or more
methodologies to address the same concern. The goal of
hybridization is to combine the advantages of each strategy to
improve the outcome's accuracy.’ The CSCO and SCO
approaches have been combined to create the CSCSC
methodology, which has been created in the current study. The
proposed method, a global optimization technique,
successfully searches the problem space and is likely to yield
an optimal or nearly optimal result. Therefore, it may be
utilized in conjunction with local optimization methods like
SCO.

The SCO is useful for analyzing a small area, but it is rarely
useful for analyzing larger regions. The proposed hybrid
technique may combine the enormous global and local
searching capabilities of the SCO algorithm and those of the
CSCO. The global performance of CSCO is excellent, while
local minima are easily evaded. The CSCO can improve the
accuracy of the findings by increasing the number of iterations.
When there are enough generations, CSCO can increase the
findings' accuracy, but not before. CSCO's local search
functionality is still lacking as a result.

The start point has an important impact on the results of the
SCO since it uses a local optimization strategy. However, SCO
will be a simple and effective strategy if a great starting point
is chosen. we successfully combine the benefits of SCO as a
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v

C=0, P=0
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Generate initial candidate
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fitness f(gbest)
Yes Update candidate
| t<a position besed on Eq.
(11)
No
c=c+1
Update candidate position No Yes c=0 . | Update candidate position
besed on Eqg. (15) B a besed on Eq. (14)
.| Evaluate new candidate |
il fitness fix) N
gbest = x
p=0 f(gbest) = f{(x)
p=1
P t=t+l |«
e /*\ N
t < Tmax > Output x

Fig. 3 Flowchart for the SCO.

local optimization and CSCO as a global optimization to
discover the best solution. Since the SCO depends on the first
solution, the hybrid strategy that has been proposed starts with
the CSCO.

The CSCO is hired to keep watch after a specific number
of repeats. The SCO is then given the go-ahead to conduct a
local search beginning with the CSCO's top choice. It is
important to note that picking the appropriate initial point will
increase the method's stability while also increasing the
accuracy of the outcomes. The SCO studies a random solution
to be the starting point in the absence of any knowledge. The
method is unable to locate the overall best and becomes less
stable if this random answer is extremely distant from the
global optimal solution. Fig. 4 shows the procedure flow of the

6| Eng. Sci., 2024, 27, 979

recommended hybrid CSCSC.

3. Problem definition

Scholars have extensively researched equivalent circuit
models to uncover the PV cell's critical unknown properties.
The I-V characteristics are illustrated using four models, and
the associated objective function (OF) is displayed in this
section. The analogous circuit diagram for the SDM, DDM
and PVM models is shown in Fig. 5.02952

3.1 SDM

As seen in Fig. 5(a), the SDM, which is popular and suitable
for addressing PV cell static characteristics, has been used by
many researchers to understand the key needs of solar PV

© Engineered Science Publisher LLC 2024



Engineered Science

Research article

Select the population size and » Define parameters a, m, Tmax
maximum iterations’ number +
Generate initial population of sand cats C=0 P=0
randomly
| Calculate the fimess of each sand cat l Set POA result as inftial
+ candidate
—>| DPick the best cat with lowest fitness value l *
+ Evaluate candidate
; fitn best,
| Caleulate reusing Eq. (1) ‘ itness flgbest)
| Calculate R based on Eq. (6) ‘ Yes Update candidate
position besed on Eg.
v (11)
| Caleulate y using Eq. (8) ‘ No
* c=c+1
| Get a random angle between 0 and 360 ‘
s Update candidate position No Yes Update candidate position
| Update the sand cat position based on Eq. (9) ‘ p c=0 p
+ besed on Eq. (15) besed on Eq. (14)
| Calculate the fitness of each updated sand cat
+ | Evaluate new candidate |
fitn
Change the worst agent with a new one using iness fix
Eg. (10)
No Yes ghest=x
p=0 Jfigbest) = flx)
p=1
> t=t+1 4
Export the result of CSCO }—
Yes No
t< Tmax Output x

Fig. 4 Hybrid CSCSC.

models. A diode, a constant current source (I,z), a series
resistor (Ry), and a parallel resistor (R,;) are main components
of this model. When current passes via a diode, the PV model
output formula is governed by Eq. (17).152%

(VL+Rsly) (Vi+RsIL)
I = Ipn = Iy (exp (TE2) - 1) - 222 (17)

where [y, is the reverse saturate current. The PV voltage is vy;
the charge for the electron is ¢; the diode ideal factor is n; the
Boltzmann constant is k; and the test temperature is 7. To

summarize, the SDM has five unknown parameters as follows:
X ={lon Isa, Rs, Lsn,m }

3.2 DDM

According to Fig. 5(b), the DDM model, which contains two
diodes in parallel with the current source, can more closely
describe the properties of PV cells in a hard environment than
the SDM model.[54] The output current of DDM () is

0 N ) 1 © Iy
- T T

b
7, @ Y ¥
lv’cu

Vi/Ng

—
=\
&
—/1
=

i
(]
i
Na' Rl g
]
]

I o A

Fig. 5 Equivalent circuit of PV: (a) SDM, (b) DDM, (c¢) PVM.

© Engineered Science Publisher LLC 2024

Eng. Sci., 2024, 27, 979 | 7



Research article

Engineered Science

depended on the current flowing across the two diodes as

follows:
q(V, + Rl,)
I = Ipn = Isax (exp (T -1)-
q(Vp+RslL) (VL +RsIL)

Loz (exp (F55) = 1) =0 (18)
where n; and n; are the ideality factors for the diffusion and
recombination diodes, respectively, and Iy stands for the
diffusion current and I, for the saturation current. X =
{Iph, a1, Lsaz, Rs, Igp, g, My } are seven characteristics of the
DDM that need to be accurately identified.

3.4 PVM
Many diodes are coupled in series and parallel to make up the

PVM, illustrated in Fig. 5(d). Its I-V connection's
mathematical model is described below.[525%]
I = IppNp —
VL+RsILNs/Np | _ VL+RILNs/Np
IsqNp (exp (—nNS’;—T ) 1) TRaANINy (19)

where N, and N; are the parallel and series numbers of solar
cells, respectively. The 5 unknown parameters for the
extraction of the PVM are X = {Iph, Isq, R, Igp,m }

3.5 Problem formulation

These models are the most typical ones. In order for an
optimization method to determine exact parameter values, the
equations are converted into related optimization difficulties.
The Objective Function (OF) shows the least difference
among the estimated and experimental data when the ideal
parameter values are used. The majority of algorithms,
according to 1331, employ the total RMSE as their assessment
criterion. The RMSE may also be used to assess the disparity
between predicted and actual results. So, RMSE is nominated
as the OF:

OF(X) = RMSE(X) = J%foﬂ £V, 1, X)?

where X stands for the vector holding the to be estimated
unknown parameters and M is the total number of
experimental I-V data points. The error function (f) is defined
for different PV models as follows:

* For SDM:

(20)

Vi+R] VL +RsI
{f(VL'IL'X) = Iph — Isa (exp (q( ilkT L)) B 1) - LRsh =l
X ={lyn.Isg.Rs. Rgp.m }
@1)
* For DDM:
CI(VL + R IL)
f(VLILX) = Iph - Isdl (exp( nlkTS ) - 1)
3 (ex (CI(VL + RSIL)) _ 1) _ VAR
sd2 p lekT RSh t
X= {Iph-lsdl-Ist-Rs-Rsh'nl'nZ}
22)

e For PVM:
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Vi+RsI Ng/N.
fV. 1. X) = LN, — IgN, <exp (%) - 1)
Sq
_ ViARsILNs/Np
Rsth/Np
X ={l,n.Isq.Rs. Rgp.m }
(23)

4. Numerical experiments and comparisons

The following subsections will present and compare the
results produced from the proposed algorithm for numerical
function optimization and PV parameters with other MA
approaches. This comparison aims to assess the efficacy of the
suggested method.

4.1 Evaluation of CSCSC on benchmark tests
This section compares and confirms the performance of the
CSCSC with a set of numerical benchmark test.?"% Table 1
expressed various mathematical functions along with their
properties for benchmarking optimization methods. Fig. 6
provide three-dimensional illustrations of these functions.
Typical conventional functions are divided into two types:
multi-modal with multiple local minimums and a global model.
Multi-modal functions can evaluate algorithms' capacity to
escape local optima and achieve exploratory investigation,
while unimodal functions with a single global finest can
determine algorithms' speed and capability to dominate. The

Table 1. Explanation of unimodal purposes.

Function Name Range fmin Dim
FX) = Sphere [-100,100]* O 30
nox? function
F,(X) Schwefel [-10,10]" 0 30
- problem
- le"l 2.22
i=1
n
+ 1_[ |2x;
i=1
F5(X) Schwefel [-100,100]* O 30
n i 2 problem
-S(3)
i=1 \j=1
F,(X) Schwefel [-30,30]" 0 30
= max{lx;l,1  problem
<i<n} 221
Fs(X) Gernalized [-100,100]" O 30
n—-1
Rosenbrock
= z[loo(xi“ function
=1
—xf)?
+ (- 1)?]
Fe(X) Step [-100,100]" 0 30
=3 ([x + function
0.5])2
Fe(X) Quartic [-1.28,1.28]" 0 30
=30 ixt + function
random[0,1]  with noise
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suggested algorithmic techniques were generated in MATLAB
R2020b. Also, all functions have a fixed dimension of 30.

The original SCO and the proposed CSCSC are compared
against various MAs techniques including PSO,B [JAYA,
MVO,? TSAPT and SSA.*®! In order to compare all
techniques fairly, the amount of explanations (N) and the
maximum number of iterations (#..x) of each set are kept at 30
and 1000, respectively. Due to randomness characteristics of
MA techniques, outcomes of a single run are unpredictable
and may not be accurate. Therefore, numerical examination
should be approved out so that give a reasonable evaluation
and evaluate the success of the algorithms. The findings of 30
iterations of the aforementioned procedures are used to
remedy this issue.

Table 2 determine that, for all purposes, CSCSC may
agreement greater solutions than traditional SCO as well as
other optimization strategies in terms of the mean value of the

© Engineered Science Publisher LLC 2024

1

Fig. 6 3-D forms of unimodal purposes.

OFs. The effects also establish that the CSCSC algorithm's
mean and standard deviation are significantly lesser than those
of the other procedures, representing the algorithm's
immovability. The outcomes show that CSCSC strokes both
the conventional technique and other optimization approaches.

4.2 Evaluation of CSCSC on PV models

This section conducts a number of tests on four PV models to
estimate the efficiency of the suggested CSCSC for parameter
valuation. The SDM, DDM and polycrystalline Photowatt-
PWP201 modules are the four kinds in question. these values
are calculated using a 57 mm diameter commercial silicon
R.T.C France solar cell at 33 °C and 1000 W/m? [10]. Searches
for the best approximation of This work introduces the
Photowatt-PWP201 PVM, which has 36 connected cells
arranged in series operating at 45 °C.57%81 The parameter
search choices for the PV models are displayed in Table

Eng. Sci., 2024, 27,979 | 9
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Table 2. Evaluation of different MA methods in resolving unimodal purposes.

F Index CSCSC CSCO PSO IJAYA TSA SSA MVO

F1 Mean 0.000 2.42x10°% 4.78x10°%° 0.0071 0.2810 3.2977 8.31<10°%6
Std. 0.000 7.22x10°% 1.60><1008 0.0032 0.1110 5.92E°7 1.02x10-%8

F2 Mean 0.000 1.16x1052 0.0006 0.4340 0.3960 1.9111 8.3610°%
Std. 0.000 2.55x10°%2 0.0028 0.1840 0.1410 1.6142 9.86x10%

Fs Mean 4.37x107178 7.84x10781 18.700 1660.0 43.100 1500.0 1.51x<10
Std. 5.76x10718! 3.49x10°% 4.4300 672.00 8.9700 707.05 6.55x104

Fa Mean 2.58x107106 4.5 <1074 0.7100 0.1110 0.8800 2.44X10°% 1.95x10°%
Std. 4.49x107108 9.98x107 0.3670 0.0475 0.2500 1.89%<10°% 0.0004

Fs Mean 0.271 28.000 57.800 79.700 118.00 136.56 28.400
Std. 0.568 0.8730 40.900 73.900 143.00 154.00 0.8420

Fe Mean 4.77x107%7 2.1500 0.7760 0.0069 0.0202 5.72x10°%7 3.6700
Std. 2.25x10°7 0.4470 0.0298 0.0036 0.0074 2.44X10°%7 0.3353

F7 Mean 3.73%107% 0.0002 0.0894 0.6620 0.0524 8.82x10°% 0.0018
Std. 3.36x107% 0.0001 0.0206 0.4200 0.0137 6.94>10°% 0.0004

314059601 Ag can be seen, the method calculates the errors
between the observed and estimated currents for each iteration,
and then uses Eq. (20) to determine the RMSE. The CSCSC
algorithm's goal is to reduce the quantity of obtained RMSE.
Six algorithms were competing against CSCSC: SCO, TSA,
SSA, PSO, MVO, and IJAYA. The same experimental
parameters were used for the development of all algorithms.
Each algorithm was run separately 30 times in this experiment,
yielding a total of 30 answers for all the methods that were
existence associated. 20000 function evaluations were the
maximum allowed. The highest number (Max), the lowest
number (Min), the average number (Mean), and the standard
deviation (std) were used to calculate the RMSE of the
algorithms in the simulated experiment.

Table 3. The PV models' parameter settings.

Parameters PWP201 RTC. France
Min Max Min Max

Iph (A) 0 2 0 1

lsa (uA) 0 50 0 1

lsa1 (LA) 0 50 0 1

Isd2 (LA) 0 50 0 1

Isaz (LA) 0 50 0 1
Rs(Q) 0 2 0 0.5
Rsh(Q) 0 2000 0 100

n 1 50 1 2

ni, N2, N3 1 50 1 2

4.2.1 Results of the SDM

The minimal standards of the four displays are bolded in Table
4 below, which displays the Max, Min, mean, and Std of
RMSE for CSCSC, SCO, TSA, SSA, PSO, MVO, and IJAYA.
It therefore proves that CSCSC generates a lower RMSE than
the other examined methods. The parameter values for SDM
obtained using different connected approaches are presented
in Table 5. Fig. 7 shows how dependable CSCSC is. Both the
computed data and the experimental current and voltage data

10| Eng. Sci., 2024, 27, 979

are shown as dots in Fig. 7a. The trend of actual and estimated
data on power as it fluctuates with voltage is shown in Fig. 7b.
The absolute error (I4E) of the measured current as the voltage
rises is shown in Fig. 7c. The RE trend is shown in Fig. 7d.
The total imprecision of power as voltage rises is seen in Fig.
7e. The relationship among voltage and relative power error is
shown in Fig. 7f. The test's findings indicate that the outcome
will be better the lower the /4E inaccuracy. Experimental data
from CSCSC is more comparable to actual data. In brief,
CSCSC achieves superior than other methods for classifying
unknown the parameters.

4.2.2 Results of the DDM

The results of the Max, Min, Mean, and Std. RMSE indicators
are shown in Table 6. The difference between the simulated
and measured data is proportional to the RMSE value. This
leads us to believe that CSCSC can predict unknown DDM
parameters with reasonable accuracy. The parameters obtained
through different methodologies are also included in Table 7.
Obviously, Indicating that the expected value and
experimental value are most closely connected, CSCSC has
the lowest RMSE. Additionally provided are the outcomes of
the RSME and the Wilcoxon rank test. The results of the study
indicate that the CSCSC algorithm demonstrates superior
performance compared to other algorithms of similar nature.
Fig. 8 shows how the simulation's results turned out. The
measurement trend lines for current and voltage are also
shown in Fig. 8a. Fig. 8b displays the experimental results of
power changing with voltage measurement. The TAE of
recorded current as it fluctuates with measured voltage is
shown in Fig. 8c. Fig. 8d illustrates the RE changing with the
voltage measurement. The IAE of power as a function of
voltage is shown in Fig. 8e. The connection among RE and
power and voltage are seen in Fig. 8f. The figures demonstrate
how well CSCSC mimics the real data and demonstrates the
possibility of parameter detection on DDM.

© Engineered Science Publisher LLC 2024



Engineered Science

Research article

SDM SDM
. _., ......... prrrrrOTTOTROT ST TTITTTITT _ 03 ]
T E Simulated data ] " Simulated data ]
0.6 F ©  Measured data 3 0.25 o Measured data E
s 3 3 0.2 3
— é ~ 0.15 'E
T ME iz 5
‘E C 7 ¢ 0l 7]
s 03 ER. ]
C ] 0.05 E
; 0.2 4 ns‘ ]
Q 0.1 E E 0 E
: E —0.03
0F x
1 H —0.1
—~01F (@) ’
—().2 I FETRTATI FRTTRRRTTA AASTRRTA A RARRSIRA FRTRRTRRU AUTRTRNINUCARATATATA IRACAL: 015 ¥
02 -1 0 01 0.2 0.3 0.4 05 —02 -0 0 0.1 0.2 0.3 0.4 0.5
Voltage(V) Voltage(V)
%107 SDM SDM
2.5 prrrer TTrTTTTTTT RARREREE RAREERREL RAREARAEL 3 s BT [LRATRRRAE TTTFTEFETS FTLEVFELC RARREEES ™3
e (© oz (@ E
2F . E ]
- 0.1 F E
@ 1.5 3 3 0.08 | .
ﬂl 3 1 =006 F E
e 3 oosf E
i 002F 3
0.5 F 3 F 3
E 3 0 ¢ A
TTTTTT TN (T PITTTTTTT PP TTTTTTL PP AT I P PTUUE TIT FUUTT PN X
5 10 15 20 25 5 10 15 20 25
Item Item
10 SDM eI v
14 F 0.12 F
E (o) e (D
12F 0.1 F
10 - 0.08 -
2 sk = 0.06F
o - I
| E E
& GE = 004
4 — 0.02 -
2E 08
: [T . TR Dosssssaay losssanans lessss sy | _D_['Z§x||1||||||r|||||||f||||r1||r1||||||r1|||||||1|| N
5 10 15 20 25 5 10 15 20 25
Item Item

Fig. 7 The SDM curves simulated with the CSCSC approach (a) I-V; (b) P-V; (c) I IAE-V; (d) I RE-V; (e) P IAE-V; (f) P RE-V.
Table 4. The statistical findings of the algorithms' RMSE.

Algorithm Max Min Mean Std

CSCPS 0.000986026 0.000986022 0.000986023 1.12316x10°
SCO 0.001565142 0.000988512 0.001197503 0.000150923
PSO 0.001674660 0.000986168 0.001086513 0.000125814
IJAYA 0.002356831 0.001027920 0.002377086 0.000170656
TSA 0.001560495 0.000990501 0.001086508 0.000125814
SSA 0.013157701 0.001638823 0.003669025 0.002714397
MVO 0.001833410 0.001027901 0.001349724 0.000191389

© Engineered Science Publisher LLC 2024
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Table 5. Calculated parameters and RMSE value.

Method Ioh (A) Isd (A) Rs (©) Rsh (Q) n RMSE Sig
CSCPS  0.760775  3.2302>x107 0.036371 53785  1.4818 0.000986021 ~
SCO 0.760776 3.2297x<107 0.036375 53.701 1.4817 0.000988767 +
PSO 0.760775  3.2302x<107 0.036781 53.786  1.4818 0.000986126 +
IJAYA  0.760980 3.3131x<107 0.036252 49.135 1.4808 0.001027990 +
TSA 0.770684  7.7808x<107 0.036853 30.420 1.5704 0.000990726 +
SSA 0.7.0833 3.1602>107 0.036476  53.028 1.4798 0.001638820 +
MVO 0.760776 3.1952x107 0.036449 53.437 1.4809 0.001027870 +
DDM
TGO T T ¥ DDM
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Fig. 8 The DDM curves simulated with the CSCSC approach (a) I-V; (b) P-V; (c) I IAE-V; (d) I RE-V; (e) P IAE-V; (f) P RE-V.
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Table 6. The statistical findings of the algorithms' RMSE.

Algorithm Max Min Mean Std

CSCPS 0.00098775  0.00098350  0.00098625 1.28017x10®
SCO 0.00243158 0.00098546  0.00153577  0.00041571
PSO 0.00931141 0.00173608  0.00425210  0.00231125
NAYA 0.00194383 0.00098353  0.00113956  0.00017869
TSA 0.00248306 0.00106254  0.00147935  0.00030199
SSA 0.00186860 0.00098940  0.00115083  0.00018865
MVO 0.00179227 0.00098383  0.00105121  0.00019053

Table 7. Calculated parameters and RMSE value.

Algorithm  Ipn (A) lsaz (A) Rs (Q) Rn(Q) i lsg2 (A) n2 RSME Sig
CSCPS 0.761781 6.9944x107 0.036715 55.370 1.9999  2.3182x107 1.4535 0.000982508 ~
SCO 0.76147 3.4274>107 0.037050 58.052 19101  2.3812x107 1.4546 0.000985467 +
PSO 0.71684 1.0000x10° 0.036840 84.676 2.0000 5.8794x107 1.5439 0.001736080 +
JAYA 0.76083 2.1636%107 0.036828 54.557 1.4475  6.4258x107 1.9525 0.000983532 +
TSA 0.76084 6.5759%10"7 0.033321 84.745 15563  1.8922x1010 1.8273 0.001062540 +
SSA 0.76083 5.7427x107 0.036739 55.185 1.9097  2.1647x107 1.4435 0.000989404 +
MVO 0.76030 2.5315%107 0.036842 53.800 1.4654  6.9214x108 1.6940 0.000983832 +
4.2.4 Results of the PVM correctness of current as it fluctuates with voltage

Five elements must be determined for the PVM model. The
experiment's RMSE results are presented in Table 8. The
experiment was conducted using 1000 W/m’ and 45 °C. For
CSCSC, SCO, TSA, SSA, PSO, MVO, and IJAYA, Table 9
shows four RMSE values: Max, Min, Mean, and Std. In
comparison to other optimizers, CSCSC reaches the best
RMSE and the lowest. It is evident that CSCSC demonstrates
superior performance compared to the other algorithms that
were studied. Numerous PV system metrics assessed by the
CSCSC are shown in Fig. 9. The current and voltage
measurement trend line is shown in Fig. 9a. When the voltage
is monitored, as shown in Fig. 9b, the power data increases.
Fig. 9¢ shows how the measured current becomes increasingly
inaccurate as the voltage measurement rises. The relation

measurement is shown in Fig. 9d. Fig. 9e illustrates the
complete inaccuracy of the power range derived from voltage
measurement. Fig. 9f describes the association among RE,
power, and voltage. The graph demonstrates how well the
anticipated data and the actual data match. The curve also
shows how CSCSC performed better. In terms of parameter
identification in the PVM model, CSCSC offers a lot of
potential.

This part provides a comprehensive comparison of the
preceding techniques, and it offers the opportunity to derive
inferences from the statistical findings shown in Table 10. The
CSCSC technique has superior performance compared to the
other six algorithms in terms of model reliability and average
accuracy, as evidenced by the results presented in Table 10.

Table 8. The statistical findings of the algorithms' RMSE.

Algorithm Max Min Avg Std

CSCPS 0.003003 0.0024250 0.004443 0.000156

SCO 0.274252 0.002.545 0.022052 0.068587

PSO 0.784692 0.153828 0.538447 0.194014

JAYA 9.201350 0.134059 1.751140 2.290422

TSA 0.002895 0.002457 0.002585 0.000113

SSA 0.003248 0.002426 0.002525 0.000210

MVO 0.004920 0.002626 0.002605 0.000477

Table 9. Calculated parameters and RMSE value.

Algorithm Iph (A) Isd (A) Rs (Q) Rsh () n RSME Sig
CSCPS 1.03051 3.48226>107% 1.20127 981.982 48.6428 0.002425 ~
SCO 1.03244 3.22121107 1.20226 743.828 48.3583 0.002545 +
PSO 0.95809 9.98267>1077" 1.28797 338.399 45.6897 0.153828 +
IJAYA 1.10436 8.10310>1077 1.10635 518.714 44.0400 0.134059 +
TSA 1.03181 3.25189>107% 1.20458 828.997 48.3862 0.002457 +
SSA 1.03073 3.37754>107% 1.20464 948.448 48.5263 0.002425 +
MVO 1.03070  3.37890x107% 1.20440 951.290 48.5280 0.002628 +
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Fig. 9 The PVM curves simulated with the CSCSC approach (a) I-V; (b) P-V; (c) [ TAE-V; (d) I RE-V; (e) PTAE-V; (f) P RE-V.

Table 10 demonstrates that the suggested approach has a 5. Conclusions

reduced mean and Std in comparison to other available The present study introduces a novel hybrid optimization

solutions. methodology, denoted as CSCSC, which integrates the chaotic
cat sand optimizer (CSCO) algorithm with the Single
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Table 10. Statistical comparison of RMSE values achieved by the tested algorithms for four models.

method PV models
SDM DDM PVM
CSCPS  0.000986026 0.00098775 0.003003
SCO 0.001565142 0.00243158 0.274252
PSO 0.001674660 0.00931141 0.784692
Max  IJAYA 0.002356831 0.00194383 9.201350
TSA 0.001560495 0.00248306 0.002895
SSA 0.013157701 0.00186860 0.003248
MVO 0.001833410 0.00179227 0.004920
CSCPS  0.000986022 0.00098350 0.0024250
SCO 0.000988512 0.00098546 0.002.545
PSO 0.000986168 0.00173608 0.153828
Min IJAYA 0.001027920 0.00098353 0.134059
TSA 0.000990501 0.00106254 0.002457
SSA 0.001638823 0.00098940 0.002426
MVO 0.001027901 0.00098383 0.002626
CSCPS  0.000986023 0.00098625 0.004443
SCO 0.001197503 0.00153577 0.022052
PSO 0.001086513 0.00425210 0.538447
Mean IJAYA  0.002377086 0.00113956 1.751140
TSA 0.001086508 0.00147935 0.002585
SSA 0.003669025 0.00115083 0.002525
MVO 0.001349724 0.00105121 0.002605
CSCPS  1.12316x%10° 1.28017x<10%  0.000156
SCO 0.000150923 0.00041571 0.068587
PSO 0.000125814 0.00231125 0.194014
Std IJAYA  0.000170656 0.00017869 2.290422
TSA 0.000125814 0.00030199 0.000113
SSA 0.002714397 0.00018865 0.000210
MVO 0.000191389 0.00019053 0.000477

Candidate Optimizer (SCO). The objective of this strategy is
to accurately estimate the unknown parameters in various PV
models. The methodology being offered utilizes the robust
exploratory capacity of the CSCO technique in conjunction

with the operational local search capability of the SCO process.

The efficacy of the suggested methodology is assessed through
the utilization of a diverse range of unimodal and multimodal
benchmark functions. The findings indicate that, in most test
functions, the CSCSC technique exhibits greater performance
in accomplishing global explanatory objectives compared to
the basic SCO approach and other approaches. The mean
RMSE values generated by CSCSC are 9.86E—04,
9.8625E—04, and 4.443E—03 for SDM, DDM, and PVM,
respectively. The proposed CSCSC approach is subsequently
utilized to acquire the PV model parameters that result in the
lowest RMSE. Based on the empirical findings, it can be
inferred that the solutions produced by the proposed CSCSC
demonstrate a superior degree of efficacy in the optimization
and operation of practical solar systems in comparison to the
algorithms employed for comparative analysis. The results
obtained from the contrasting simulation indicate that CSCSC
demonstrates competence in performing accurate and reliable
parameter estimation. The suggested CSCSC algorithm can

© Engineered Science Publisher LLC 2024

also be used in a variety of domains, including decision-
making, wireless networks, structural optimization, power and
energy systems, energy forecasting, and re-selection. This
research's future focus is also thought to be on the binary and
hybrid forms of CSCSC. Additionally, it is suggested that in a
future study, economics be considered an objective function.
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