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ABSTRACT When discussing the commercial applications of photovoltaic (PV) systems, one of the most
critical problems is to estimate the efficiency of a PV system because current (I) — voltage (V) and power (P) —
voltage (V) characteristics are highly non-linear. It should be noted that most of the manufacturer’s datasheets
do not have complete information on the electrical equivalent parameters of PV systems that are necessary
for simulating an effective PV module. Compared to conventional approaches, computational optimization
and global research strategies are more acceptable as an effective alternative to parameter estimation of
solar PV modules. Recently, a Gradient-based optimizer (GBO) is reported to solve the engineering design
optimization problems. However, the basic GBO algorithm is stuck in local optima when handling complex
non-linear problems. In this sense, this paper presents a new optimization technique called the Chaotic-
GBO (CGBO) algorithm to derive the parameters of PV modules while offering precise I-V and P-V
curves. To this end, the CGBO algorithm is based on a chaotic generator to obtain the PV parameters
combined with the GBO algorithm. There are five case studies considered to validate the performance
of the proposed CGBO algorithm. A quantitative and qualitative performance evaluation reveals that the
proposed CGBO algorithm has improved results than other state-of-the-art algorithms in terms of accuracy
and robustness when obtaining PV parameters. The average RMSE values and runtime of five case studies
are equal to 9.8427E-04, 2.3700E-04, 2.4251E-03, 4.3524E-03 and 1.8349E-03, and 18.44, 17.78, 18.18,
18.28 and 17.97, respectively. The results proved the superiority of the proposed CGBO algorithm over
the different selected algorithms. For future research, this study will be backed up with external support at
https://premkumarmanoharan.wixsite.com/mysite.

INDEX TERMS Chaotic-gradient-based optimizer (CGBO), chaotic generator, gradient-based optimizer
(GBO), parameter estimation, photovoltaics.

I. INTRODUCTION
Solar power sources are viable and promising alternatives
to diverse forms of renewable energy sources [1]. Indeed,
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the availability, sustainability, and inexhaustibility of solar
energy have enabled it one of the most vital forms of renew-
able energy in recent decades. Their incorporation into clas-
sical power systems with high penetration is equipped to
enhance the output in terms of steady-state and dynamic per-
formance [2]. A detailed model that specifically defines the
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behavior of photovoltaic panels for various industrial appli-
cations (array fault detection, power controller and controller
configuration, maximum power point tracking techniques,
grid integration, etc.) is quite essential and thus increases
the overall performance of PV systems [3]. Accurate mod-
eling of PV modules is therefore required to reflect their
characteristics for further study. As per the scientific studies
relating to the field of PV system modeling, a single-diode
equivalent model (SDeM) [4], double-diode equivalent model
(DDeM) [5], and three-diode equivalent model (TDeM) [6]
can be used to represent the PV cell or module. The cell
or module parameters that should be estimated for each PV
model are photocurrent [, diode ideality factor n, series
resistance R;, shunt resistance R, and diode-reverse satura-
tion current /y;. For the SDeM, DDeM, and TDeM, respec-
tively, the number of unknown parameters is five, seven, and
nine [7].

Numerous techniques have been reported to estimate the
parameters of the various models based on the experimen-
tal samples or the datasheet information. The methods are
classified as follows: numerical methods, analytical methods,
and heuristics methods [8]-[10]. In the literature, numerical
methods are commonly used; such techniques use numeri-
cal solutions to identify a network of a few non-linear PV
model-related equations [11], [12]. The analytical techniques
use a sequence of generalizations and assumptions to evaluate
the model parameters to obtain explicit equations, usually
depending on multiple critical points on the I-V character-
istics [9], [10], [13]. The authors [14] presented an analytical
method to extract the five parameters of the SDeM, and the
authors also investigated the performance of the parameters
on open-circuit voltage, short-circuit current, and maximum
power point. Biological events typically inspire the heuristic
techniques to approximate the parameters of the model to
solve specific weaknesses and challenges of the first two
techniques, such as differentiability, convexity, and extreme
sensitivity to the initial parameter values. It should be stated
that, because of its precision, reliability, and unregulated
by the initial values, a heuristic approach may have good
outcomes than the other methods [7], [15]-[17].

In recent years, several researchers have made a great deal
of effort to use algorithm-based on metaheuristics to solve
such problems. These structures are influenced by natural
events, such as swarming activities, mechanisms focused
on nature, and physics. Genetic algorithm (GA) [18], [19],
particle swarm optimization [20]-[22], enhanced leader par-
ticle swarm optimization algorithm (PSO) [23], niche particle
swarm optimization in parallel computing algorithm [24],
several versions of differential evolution (DE) [25]-[28],
penalty-based DE algorithm [29], sunflower optimizer [30],
grey wolf optimizer (GWO) [31], whale optimizer algo-
rithm (WOA) [32], harris-hawk optimizer (HHO) [33],
improved salp swarm algorithm (ISSA) [34], several ver-
sion of JAYA algorithm [35], multiple learning backtracking
search algorithm [36], coyote optimization algorithm [37],
teaching-learning-based optimization and its various ver-
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sions [38]-[42], political optimizer (PO) [4], evolutionary
shuffled frog leaping algorithm [43], slime-mould optimizer
(SMO) [44], [45], marine predator algorithm (MPA) [46],
equilibrium optimizer (EO) [47], ions motion optimization
(IMO) [48], improved PSO (IPSO) [49], Forensic-based
investigation algorithm [50], and improved learning-search
algorithm [51] are among good heuristic-based structures.
Some studies have endeavored to hybridize a few of these
strategies to boost their performance, such as hybrid grey
wolf optimizer with cuckoo search algorithm [52], hybrid
firefly with pattern search algorithms [53], hybrid grey wolf
optimizer with particle swarm algorithm [54], hybrid WO
with DE algorithm [26], hybrid GA with simulated annealing
algorithm [18], etc. Based on the literature study, the compar-
ison between few well-known algorithms based on the control
parameters is presented in Appendix (Refer to Table 25).
It is important to note that the random number generator
is the basis of all the algorithms and approaches mentioned
earlier. It can be concluded that each method has its own pros
and cons, and therefore all complicated problems cannot be
solved by any learning algorithm. Furthermore, there is still
no clear answer, or it is tough to decide that optimization
approach A would be most appropriate for problem B of
many features such as modality, control variables, convexity,
degree of non-linearity, separability, etc., as per the no-free-
lunch (NFL) theorem [55]. In such pursuits, the effort contin-
ues until such an answer is obtained.

On the other side, numerous early efforts have also shown
that several useful optimization techniques, the introduction
of chaos theory can lead to a massive enhancement compared
to its original variant. As a piece of evidence, chaos theory has
been evaluated to produce random sequences because chaotic
patterns are simultaneously deterministic and uncontrollable
and can therefore be seen as a random number generator [56].
Several chaos generators, such as Sprott, Linz-Sprott, Chua,
Rossler, and Lorenz types, have been intended to support data
encryption and parallel computing application areas. Several
other productive features of chaos theory make them perfect
for many engineering applications, such as power systems,
communication systems, image segmentation, feature selec-
tion, mechanical design systems, encrypted systems, and so
on. Moreover, to obtain the parameters of solar PV models,
published studies have integrated chaotic patterns and various
forms of optimization techniques. Artificial bee colony with
the chaotic pattern is employed in [57]. The authors intro-
duced a logistic-chaotic map in [58] to solve updating process
of the JAYA algorithm. The authors of [35] introduced chaotic
adaptive weight factors with the JAYA algorithm to estimate
the parameters of various PV models. In [59], different PV
model parameters are obtained under multiple climatic con-
ditions based on the fractional chaotic ensemble PSO. The
static and dynamic fractional-order parameters of PV models
are estimated in [60] via chaotic and comprehensive learning
PSO. The authors of [61] applied four chaotic maps during the
parameter identification of SDeM and DDeM to enhance the
basic WO’s productivity. A new variant of the HHO algorithm
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is based on chaotic drifts to obtain the unknown parameters
of PV cells and modules modeled via SDeM and DDeM [62].
Another variant of HHO is combining crisscross algorithm
features and the Nelder-mead simplex method to improve the
solution accuracy [63].

While various optimization techniques have been success-
fully introduced to the extraction of PV module parame-
ters, it is still essential to implement a new algorithm to
achieve greater precision and, as a result, to enhance the
overall efficiency of various industrial Photovoltaic systems,
mainly when there is a wide selection of errors such as
10e-4. Since the NFL theorem suggests that no algorithm can
provide appropriate results and best results in all optimization
problems, these optimization techniques, and their variants
have been developed many times [55]. Despite the various
apparent methods referred to above to identify the ambiguous
parameters of PV models with acceptable performance, and
yet again, there is still space for progress to define the PV
models specifically.

The key objective of this paper is indeed to obtain the
parameters of the PV models of SDeM and DDeM by leverag-
ing the significance of combining a chaos map with the basic
gradient-based optimizer (GBO) [64]. Newton’s equations
inspire the GBO algorithm, and the exploration and exploita-
tion balance is maintained by the local escaping operator
and gradient search rule. In the updating stage of the GBO
algorithm, the suggested technique exploits sensitivity to the
initial conditions of systems to check for a new solution and
thereby achieve a desirable improvement in the objective
values, i.e., Root-Mean-Square-Error (RMSE) values [65].
The basic version of the GBO algorithm gets trapped by the
local optima when handling non-linear multimodal objective
functions. In addition, due to the randomness, the conver-
gence speed is low. The basic version needs to be modified
to improve the solution accuracy as well as convergence
speed. Therefore, a chaotic drift is introduced along with the
GBO algorithm to improve the solution accuracy and conver-
gence speed. The development of the basic GBO algorithm
by changing the parameters that govern the exploration and
exploitation stages is one of the key contributions of this
paper, thereby reducing its search space to achieve appropri-
ate balance using the chaotic tent map. The experimental sam-
ple of PV SDeM and DDeM is used to assess the proposed
chaotic-based GBO (CGBO) algorithm. The findings of the
suggested algorithm are contrasted to that of other state-
of-the-art algorithms. The findings demonstrated that the
CGBO is more efficient and superior to different algorithms.
A review of results reveals that the GBO algorithm with a
chaotic-based search sequence outperforms several modern
well-known optimization techniques in terms of reliability
and precision when extracting the parameters of various PV
models. The highlights of the paper are as follows.

o A new version of the GBO algorithm called the CGBO
algorithm is introduced to solve the parameter estima-
tion problem of various PV models.
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o The chaotic tent map replaces the randomness of the
GBO algorithm and helps to increase the solution accu-
racy and convergence speed.

o The proposed CGBO is verified on various PV models,
such as SDeM, DDeM, and PV models, and compared
with different state-of-the-art algorithms.

o The performance of CGBO is assessed in terms of the
convergence speed and RMSE values in comparison to
different optimizers.

o The CGBO algorithm is also validated under different
operating conditions and demonstrated high accuracy in
the experimental and optimized values.

The structure of the paper is planned as follows.
Section 2 explains the mathematical modeling of various PV
models; in addition, the problem formulation is also pre-
sented. Section 3 discusses the formulation of the proposed
CGBO algorithm, and Section 4 discusses the experimental
findings in detail. Section 5 delivers the concluding remarks
and future research directions.

Il. MODELING OF PHOTOVOLTAIC MODELS AND
PROBLEM FORMULATION

The SDeM and DDeM are considered to be effective PV mod-
els as per the detailed study from various literature [66]-[69].
Therefore, this section of the paper discusses the mathemat-
ical modeling of different photovoltaic models. In addition,
the objective function formulation is also discussed in this
section.

A. MATHEMATICAL MODELLING

Various methodologies were used in the literature for photo-
voltaic cell/module simulation. In a recent study, the equiva-
lent circuit of the cell/module is usually used among all the
current approaches. The key benefit of using this model is
the simplicity with which it can be implemented using the
MATLAB software tool. The preceding Shockley equation
defines the PV cell’s I-V characteristic.

V
1 =1y |:exp (q;;(Td )i| (1)

where 1; denotes the diode current, I;; denotes reverse satura-
tion current of the diode, g(= 1.60217646 x 10~1°C) denotes
electron charge, k(= 1.380653 x 10723J/K) denotes Boltz-
man’s constant, a denotes diode ideality factor, 7 denotes
temperature in K, and V,; denotes the diode voltage. When
the PN junction gains an electron from the sunlight, a set
of electron-holes is formed in the presence of irradiation.
This produces a potential gap around the junction. At which
point, charge carriers continue to pass via the external circuit,
resulting in an electrical current I,, which is referred to as the
photocurrent. As a result, the ideal model of the cell has a
current generator connected in parallel with the diode. The
output current / of the PV cell for the new model is given in

Eq. 2.
qxVq
I=1,—-1 2
p sd |:€XP< uKT )i| 2)
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FIGURE 1. SDeM of the PV cell.

Since the PV cell supplies ohmic losses, the model has to
consider the effect of series resistance R;. Therefore, the out-
put current of the PV cell by considering the impact of Ry is
given in Eq. 3.

V + IR,
I=1,—1Iy |:exp (%) — 11| 3)

where V denotes the output voltage. However, the model
discussed above is not accurate because the model does not
consider the effect of the leakage current of the cell. There-
fore, the impact of shunt resistance needs to be considered
when describing the actual model of the PV cell. By combin-
ing all the elements and parameters, the PV cell is modeled
initially as SDeM. The SDeM is a simple and most preferred
PV model for the analysis. The SDeM is shown in Fig. 1.
Furthermore, now, the total output current of the PV cell is
given in Eq. 4.

V + IR, V + IRy
1 :Ip —Isd [exp <%> — 1] — (1?—) (4)
14

From Eq. 4, it is observed that the PV SDeM is defined by
five uncertain variables, which are presented in Eq. 5.

& ={lp.lua.a. R, Ry )

Recombination is an important failure in an actual cell that
cannot be adequately modeled with one diode. As a result,
a second diode is connected to the SDeM to correct for the
impact of composite current failure. Fig. 2 displays the circuit
of the DDeM. As a consequence, the I-V characteristic is
given in Eq. 6.

I =1, —ILq [exp <M> — l:|

a1 KT
V + IR, V + IR,

— Lo |:exp (CI(—_’I;T)> _ 1i| _ (—;—) (6)
a "

where Iy;; and Iy, denote the saturation and diffusion cur-
rents, respectively, and a; and a, refer to the recombination
and diffusion diode-ideality factors, respectively.

From Eq. 6, it is observed that the PV DDeM is defined by
seven uncertain variables, which are presented in Eq. 7.

& ={I,. L. L2, a1, a2, Ry, Ry} (N
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FIGURE 2. DDeM of the PV cell.
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FIGURE 3. Equivalent circuit of the PV module.

The mathematical equations of the SDeM and DDeM can
be interpreted as follows in the context of a PV module
composed of N, cells parallel-connected and Ny cells series-
connected. The equivalent circuit of the PV module is illus-

trated in Fig. 3.
ofv 4 (/) m)
-1

I = N,,Ip — Nplyq | exp N.KT
s
(7 (/) )
- (3)
(NsNp) Ry
0V +(3/N) 1R:)
I = N,,Ip —Npl | exp A N.KT -1
(1 (5 /) )
—Isq2 | exp ON.KT -1
S
(v o+ (v /%) )
- ©)

(/)%

Both SDeM and DDeM of the PV cell/module have unde-
fined variables that can be calculated numerically, analyti-
cally, or using optimization techniques.
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B. OBJECTIVE FUNCTION FORMULATION

The undefined SDeM and DDeM parameters of Eqgs. 5 and
7 must be calculated for both cell and module. The uncertain
variables are being used as a decision variable in the optimiza-
tion procedure. The root mean square error (RMSE) between
the optimized and experimental samples is being used as
an objective function. Integral absolute error (IAE), relative
error (RE), and RMSE are determined using the following
expressions.

IAEi = |Iact - Iest| (10)
RE — Iact - Iest (11)
Loer
IAEP = |Pact - Pest| (12)
1 al 2
RMSE = | > (= Iw.e) (13)
j=1

where I,.; defines the experimental current, I, refers to the
optimized current, JAE; denotes integral absolute error based
on current, /AE, denotes integral absolute error based on
power, N refers to the number of experimental voltage and
current samples (V;, I;), and I(y, ¢) refers to the optimized
value as a function of the undefined variables £, which are
defined by Eqs. 5 and 7.

The objective function or fitness function is a func-
tion that evaluates the degree of correlation between the
configuration of variables that characterize the model and
experimental results. The objective function in this analy-
sis observes the variation between experimental and pre-
dicted values. The parameter estimation aims to reduce the
error between the expected parameters and the experimental
parameter, which is represented as follows.

N

1
N > (- lve)’ | (4

J=1

Min (RMSE) = Min

When the precise model parameters are obtained,
the objective function could ideally be zero. Since the frame-
works are so well-defined and no data on the exact predictions
of variables is available, the degree of coordination depends
mainly on the experimental sample. Consequently, every
reduction in the RMSE value is crucial, meaning that the
developer’s knowledge of the real parameter estimates has
increased.

Ill. PROPOSED CHAOTIC WITH GRADIENT-BASED
OPTIMIZER (CGBO) ALGORITHM

This section of the paper describes the basic variant of
the GBO algorithm. Then, the process of extending the
GBO to an improved CGBO is presented, and how CGBO
is applied to the parameter estimation problem is also
explained.
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A. ORIGINAL GRADIENT-BASED OPTIMIZER (GBO)
ALGORITHM

Many circumstances, such as optimal power flow, economic
load dispatch, solar PV parameter estimation, controller tun-
ing, economic emission dispatch, could pose challenging
tasks, as well as various types of objectives, such as multi-
objective, many-objective, large-scale objectives, and fuzzy
optimization. Regardless of whether the problem is a chal-
lenge or not, the real-time application requires a timely
solution. In general, algorithms can be divided into the fol-
lowing categories based on behaviors: the algorithm that uses
exact information, gradient, and sub-gradient information
and slope, and the algorithm that use anticipated predicted
solutions. Most of these methodologies could have a suc-
cessful result, while others have unpredictable effectiveness.
The GBO algorithm is a new population and gradient-based
metaheuristic optimization algorithm [64]. To explore the
whole search space, it primarily employs a set of vectors and
two operators.

1) INITIALIZATION PHASE

In GBO, the variable « is considered to be a transformative
variable that transforms from the exploration phase to the
exploitation phase. The probability rate is the only control
variable in the GBO algorithm. The population size N and
the number of iterations are chosen based on the problem
complexity. The individual in the population is refereed as a
vector, and thus GBO comprises N vectors in D-dimensional
search space. The vector is expressed as follows.

Xd,x = [XI,XaXZ,xs '-~7XD,x:|
x=1,2,...,N
d=1,2,....,D (15)

The initial position of the vector individuals is generated
randomly in D-dimensional search space. The same has been
expressed as follows.

Xy = X; + rand (0, 1) x (X, — X;) (16)

where rand denotes random number between [0,1], and X,
and X; are the upper and lower boundaries of the decision
variables X .

2) GRADIENT SEARCH RULE (GSR)

The vector movements are controlled in the gradient search
rule (GSR), which obtains quality solutions by improving the
exploration in the promising area. The GSR helps GBO to
strengthen its exploration phase and the convergence rate.
The GSR permits the GBO to fine-tune for the random
movements to avoid premature convergence and improve the
exploration ability. The convergence rate is simplified by
means of the direction of movement (DM). So, the current
position of the population is updated using Eq. 14.

X177 = x" + DM — GSR(17) 17
2Ax x x
GSR = p| X randn X —— (18)
(X¥w —xp + €)
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DM = p» X rand X (xb —x;") (19)

The vector updates its position by Eq. 17, and the updated
vector is referred to as X 17'. The terms m denotes the iteration
and p; denotes important control variables to balance explo-
ration and exploitation. The variable ¢ is within the range of
[0, 0.1]. The best and the worst solutions are denoted as x;,
and xy,, respectively.

Pl =2XaxXrand —« (20)

. (3m . (37w
o= ‘,B X sin (7 + sin <7 X ﬂ))' 21

3 2
B = (Bmax — Bumin) X (1 - (m’" ) ) + Buin (22)

where my,, denotes the maximum number of iterations,
randn denotes uniformly distributed random number, 8,5 =
1.2 and, By = 0.2. The parameter § verifies that the Ax
is altered during every iteration or no, and Ax denotes the
difference between the current position and the randomly
chosen position.

Ax = |step| X rand (1 :N,,) (23)
8§+ (xp — x™

step = y (24)

§=rand x 2 x | 1—2 1 BB XM (25)

where r1, 2, r3, and r4(ry # ry # r3 # rq4 # n) are integers,
and the values are chosen randomly between [1, D]. The step
size step is obteined by x; and x)'|. The additional random
variable which helps during the exploration stage is denoted
as pp and it is expressed as follows.

P =2Xa X rand — «a (26)

And now, Eq. 17 can be rewritten as follows.

m

(e + P = yq)

X

X17 = x!" — p1 x randn x
405 X rand x (x;, - x;”) 27

A new population vector X2"" is expressed in Eq. 28.

2A m
X2 = xp — p1 X randn x R S
(e -+ = yg)
+p2 % rand x (x[} — x/3) (28)
yq, = rand x <[Zx+12—+m — Ax X rand) (29)
W, = rand x (kx“z—ﬂ)“] + Ax x rand) (30)

The search direction technique improves the exploitation
stage. The searching process is initiated as per Eq. 28 for
the local search alone, and Eq. 27 is used for global search
alone. Thus, both search processes are required to improve the
exploration and exploitation phases. Based on the above-all

62352

TABLE 1. Various chaotic maps.

Map Chaotic Behavior Rang
Type e
a .
Circle X;41 = mod (xi +b— (E) sin(2mx;,, 1))
a=05b=02
illng Xi4q1 = ax?sin(mx;),a = 2.3
a
Sine Xip1 = Zsin(nxl—),a =4
Gauss 1, x; =0
/mous Xip1 = 1 .
e m, Otherwise
Singe x4 = p(7.86x; — 23.31x;%2 + 28.75x;°3
r —13.302875x;*),u = 1.07
Iterati sin(ar)
ve Xipg =———,0 = 0.7
X [0,1]
ﬁ' Xi < 0.7
Tent Xiv1 =410 :
5 (1-x), 207
ﬁ. 0<x;<p
p
X —
TP <% <05
Piece = 0.5-p p =04
1 i+1 — \Y1—»—x; P =U.
wise ﬁ, 05<x;<1-p
1—x;
, 1-p<x; <1
Logist
i% Xy = axi(1—x;),a =4
Cheb L
yshev Xi41 = cos(i cos™(x;)) [-1,1]

discussions, the solution x™+1

7T is updated during the next
iteration as follows.

X3 = X" — pr x (X27 —X17) 3D
x;”H =7, X (rb x X1 + (1 —rp) XXZT)
+ (1 —ry) xX3" (32)

where r, and r;, denote random numbers between [0,1].

3) LOCAL ESCAPING OPERATOR (LEO)
The LEO is a very useful operator in GBO to solve com-
plex optimization problems. By utilizing several possible
solutions, The LEO generates a quality solution X}, using
solutions, such as X 17", X2, x}, x5, xp, and x;". Eq. 33 is
used to produce X;'p,.
if rand < P,
if rand < 0.5
XI%o =X;”+1 +ax (a1 X Xp — ap X x,ﬁ")
+b x p; X (a3 x (X2 —Xl;”) +ay x (x)] —x5))/2
X = X7o
else
Xpo=xo+ax (a1 xxp—ay xx") +bx p
x(a3 x (X27 — X1 4+ ar x (x] —x5))/2
end
end 33)

VOLUME 9, 2021



M. Premkumar et al.: Identification of Solar PV Model Parameters Using an Improved Gradient-Based Optimization Algorithm

IEEE Access

1 Circle map 1 Sinusoidal map 1 Sine map 1 Gauss/mouse map 1 Singer map
T
L)
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FIGURE 4. Various chaos maps number distribution.

where b referred to as a normally distributed random number
with a mean of 0 and standard deviation of 1, a referred to as
a uniform random number between [—1, 1], and P, denotes
the probability rate. The random numbers, such as ay, az, and
a3 are expressed as follows.

ay =27y xrand x 2+ (1 —Zy)
a) = a3 =7 x rand + (1 — Zy)

(34)
(35)

The value of Z; is O or 1. The solution x;" is calculated using
Eq. 33.

Xrand, 1fuy <0.5
Xt = - ) (36)
X' otherwise
Xrand = X + rand x (X, — X) 37

where x,4,4 denotes the new solution, x;," denotes the solution
of random population, and u; denotes a random number
between [0,1]. Thus, Eq. 36 is revised as follows.

x}r{n =7) X )C;,n + (1 — Z2) X Xpana (33)

The value of Z; is O or 1 based on the value of uy. The
pseudocode of the GBO is presented in Algorithm 1.

B. GRADIENT-BASED OPTIMIZER WITH CHAOTIC DRIFT
In the current decade, there has been a trend to use chaotic
behaviors to replace the heuristic algorithm’s randomness
in order to capture the strongest stochastic and statistical
properties of chaotic randomization. Various chaotic maps
are listed in Table 1, and the respective map distribution is
illustrated in Fig. 4.

All the chaos maps are started with an initial value of 0.7.
The update equation of GBO is shown in Eq. 32, in which r,
and rp, are the random numbers between 0 and 1. The update
equation of the GBO is modified by replacing the random
numbers r, and r, with the chaos maps listed in Table 1 to
improve the solution accuracy and convergence speed of the
basic version of the GBO algorithm. The modified update

VOLUME 9, 2021

i i i

Algorithm 1 Pseudocode of the GBO Algorithm
Step 1: Initialization Phase
Assign values for P., my., and e and
asses the fitness function value,
fX),x=1,2,...,N.
Specify x| andx;'.
Step 2: Main Loop
while (m < myqy)
forx =1:N
Randomly chooser| # ry #
r3 #ry #nin the range of

[1,nN] Obtain the solution
xm+1
X

using Eq. 32

end for

Local Escaping Operator (LEO)
if rand < P,

Obtain the solution

X go using Eq. 33
X =Xk
end if
Update the solutions,x] andx;'
end for

end while
Return the best solution

equation of the GBO algorithm is presented in Eq. 39,
in which C, and Cp, are chaotic numbers generated by various
chaos maps. After many trials, it is found that the random
number generated by the tent map is superior to all other maps
listed in Table 1. Therefore, in this paper, it is decided to select
a tent map to generate C, and Cp.

XM =Gy x (rp x X174 (1 — Cp) x X27)

+(1—Cy) xX3"  (39)
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TABLE 2. Parameter settings of all selected algorithms.

Algorithm Control Parameters Value
N 30 (SDeM)
50 (DDeM & Others)
GBO My 1000
P, 0.5
€ 0.005
N 30 (SDeM)
50 (DDeM & Others)
CGBO Minax 1000
P, 0.5
& 0.005
N 30 (SDeM)
MO 50 (DDeM & Others)
Miax 1000
N 30 (SDeM)
50 (DDeM & Others)
EO Mg 1000
aj a, and RP 2’ 1’ an(.i 05’
respectively
N 30 (SDeM)
WOA 50 (DDeM & Others)
Miax 1000
N 30 (SDeM)
50 (DDeM & Others)
MPA My 1000
FADs 0.5
V4 0.5
N 30 (SDeM)
50 (DDeM & Others)
IPSO My 1000
Wnax and WMin 0.9 and 0.4
c;and c2 2
N 30 (SDeM)
50 (DDeM & Others)
PSO Minax 1000
Whax and Whin 0.9 and 0.6
c;and c2 2

The chaotic tent sequence is presented in Eq. 40.

G Cp < 0.7

[ 40
Da-cw. Cu=07 0

Cm—H =

where C,, denotes the random number of m'! iteration and C 1
is generated randomly between [0, 1], and its initial value is
selected as 0.6. Fig. 5 illustrates the overall flowchart of the
proposed CGBO algorithm.

IV. SIMULATION RESULTS AND DISCUSSIONS

This section of the paper discusses the experimental study of
the proposed CGBO algorithm. Therefore, the performance
of CGBO is validated on different PV models of various PV
cells and PV modules. The results obtained by the proposed
CGBO algorithm are compared with other state-of-the-art
algorithms, such as GBO, MPA, EO, IMO, WOA, PSO,
and IPSO. The simulation is carried out using MATLAB
simulation software through Laptop with an i5 4th generation
processor, 2.4 GHz clock frequency, and 8 GB memory.
For all selected algorithms, the population is 40, and the
maximum number of iterations is selected as 1000. For a fair
comparison, each algorithm is run 30 times. For the GBO
algorithm, the probability rate is selected as 0.5, as suggested
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TABLE 3. Boundaries of different PV models.

RTC Si PVM752 Photowatt-  KC200GT
Parameters Cell GaAs cell PWP201 & SM55
Ib ub b ub 1b ub 1b ub
1, (A) 0 1 0 0.5 0 2 0 21,
Lg, Liar, Lsaz le- 50e- 100e-
A) 0 06 0 le-6 0 06 0 06
a, a; a; 1 2 1 2 1 50 1 5
R, () 0 100 0 1000 0 2000 0 5000
R, (Q) 0 0.5 0 0.8 0 2 0 2

I, =Short-circuit current, Ib-lower bound, ub-upper bound

TABLE 4. Decision variables of SDeM of the RTC France Si PV cell.

Algorith R

0 h&) L@ & RO ¢ RMSE
0760 323E- 0036 53718 1481  9.8602

CGBO g 07 4 5 2 E-04
0760 323E- 0036 53718 1481  9.8602

GBO 8 07 4 5 2 E-04
0760 522E- 0034 74429 1531 13932

IMO 2 07 3 0 ! E-03
0760  949E- 0031 99999 1598 23408

MPA 7 07 7 9 3 E-03
g0 0759 437E- 0035 81219 1512 1257

9 07 3 2 1 E-03
0760  725B- 0032  97.010 1567 24893

woa 9 07 2 3 1 E-03
pso 0761 974E- 0031 10347 1601 23988

0 07 6 81 4 E-03
0760 00000 0031 10000 1604  2.4480

1PSO 8 01 4 00 5 E-03

by the inventor of the GBO algorithm. The control parameters
of all other algorithms are selected based on literature and
several trials. The parameter settings are listed in Table 2.
The readers are encouraged to read the respective literature
for more information about the control parameters.

A total of five different case studies are considered to vali-
date the proposed CGBO algorithm. Case study 1 deals with
SDeM and DDeM of the RTC France Si solar cell, case study
2 deals with SDeM and DDeM of the PVYM752 GaAs cell,
case study 3 deals with SDeM and DDeM of the Photowatt
PWP-201 PV module, case study 4 deals with SDeM of the
KC200GT PV module under different operating conditions,
and case study 5 deals with SDeM of the SM55 PV module
under various operating conditions. The lower and upper
limits of different decision variables of PV cells and PV
modules are listed in Table 3.

The performance of the algorithm is compared with other
selected algorithms in terms of the RMSE, IAE, RE, runtime
(RT), and convergence curve. A low value of RMSE indicates
that the optimized data is nearer to the experimental data,
i.e., the selected algorithm offers high efficiency in identi-
fying the cell or module variables. Therefore, the error must
be reduced as small as possible. RE and IAE are also used
to highlight the error between the optimized data and the
experimental sample at each voltage sample. The workflow
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FIGURE 5. Flowchart of the proposed CGBO algorithm.

Experimental samples of
PV cell and PV modules
Y
Y q - Extract the decion
Objective function CGBO Statistical > variables with
(RMSE) measurements
respect to the
L minimum RMSE

Evaluate the estimated data
comparing with the ¢
@

Differnt models, such as
SDeM, DDeM of PV cell
and PV modules

FIGURE 6. Workflow of PV parameters identification using CGBO
algorithm.

xperimental data and validat
using I-V curves

of the CGBO application to identify the uncertain parameters
of various PV models is illustrated in Fig. 6.

A. CASE STUDY-1

In this case study, the performance of the proposed CGBO
algorithm is validated on SDeM and DDeM of the RTC
France Si solar PV cell. For the simulation, 26 experimental
samples are collected at 1000 W/m? irradiance and 33 °C
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temperature. As discussed earlier, each selected algorithm
is run 30 times to get fair results. Each algorithm tries
to minimize the RMSE value by optimizing five decision
variables for SDeM or seven decision variables for DDeM.
The decision variables optimized by all selected algorithms
are listed in Table 4 and Table 6. It is observed from
Table 4 that both GBO and the proposed CGBO produce
the same error for SDeM, i.e., 9.8602E-04; however, the
proposed CGBO is better than GBO in terms of reliability
and convergence speed. From Table 6, it is observed that
the proposed CGBO algorithm produces less RMSE value,
i.e., 9.8251E-04. In addition to RMSE, the proposed CGBO
algorithm also gives very less RE, IAE;, and IAE,, as listed
in Table 5 (for SDeM) and Table 7 (for DDeM). For SDeM of
the RTC France Si PV cell, the average values of RE, IAE;,
and IAE, are 4.74E-03, 8.28E-04, and 3.36 E-04, respec-
tively, and for DDeM of the RTC France Si PV cell, the aver-
age values of RE, IAE;, and IAE,, are 4.47E-03, 8.18E-04,
and 8.78 E-04, respectively. In order to visualize the [-V
characteristics of both SDeM and DDeM of the PV cell,
the characteristic curves are illustrated in Fig. 7. From Fig. 7,
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TABLE 5. RE and IAE of SDeM of the RTC france Si PV cell.

Vacl (V) Iacl (A) Iest (A) IAEI RE Pact (w) Pest (W) IAEp
-0.2057 0.7640 0.7641 8.77E-05 -1.15E-04 -0.1572 -0.1572 1.80E-05
-0.1291 0.7620 0.7627 6.63E-04 -8.70E-04 -0.0984 -0.0985 8.56E-05
-0.0588 0.7605 0.7614 8.55E-04 -1.12E-03 -0.0447 -0.0448 5.03E-05
0.0057 0.7605 0.7602 3.46E-04 4.55E-04 0.0043 0.0043 1.97E-06
0.0646 0.7600 0.7591 9.45E-04 1.24E-03 0.0491 0.0490 6.10E-05
0.1185 0.7590 0.7580 9.58E-04 1.26E-03 0.0899 0.0898 1.13E-04
0.1678 0.7570 0.7571 9.17E-05 -1.21E-04 0.1270 0.1270 1.54E-05
0.2132 0.7570 0.7561 8.59E-04 1.13E-03 0.1614 0.1612 1.83E-04
0.2545 0.7555 0.7551 4.13E-04 5.47E-04 0.1923 0.1922 1.05E-04
0.2924 0.7540 0.7537 3.36E-04 4.46E-04 0.2205 0.2204 9.83E-05
0.3269 0.7505 0.7514 8.91E-04 -1.19E-03 0.2453 0.2456 2.91E-04
0.3585 0.7465 0.7474 8.54E-04 -1.14E-03 0.2676 0.2679 3.06E-04
0.3873 0.7385 0.7401 1.62E-03 -2.19E-03 0.2860 0.2866 6.26E-04
0.4137 0.7280 0.7274 6.18E-04 8.49E-04 0.3012 0.3009 2.56E-04
0.4373 0.7065 0.7070 4.73E-04 -6.69E-04 0.3090 0.3092 2.07E-04
0.4590 0.6755 0.6753 2.20E-04 3.25E-04 0.3101 0.3100 1.01E-04
0.4784 0.6320 0.6308 1.24E-03 1.96E-03 0.3023 0.3018 5.94E-04
0.4960 0.5730 0.5719 1.07E-03 1.87E-03 0.2842 0.2837 5.32E-04
0.5119 0.4990 0.4996 6.07E-04 -1.22E-03 0.2554 0.2557 3.11E-04
0.5265 0.4130 0.4136 6.49E-04 -1.57E-03 0.2174 0.2178 3.42E-04
0.5398 0.3165 0.3175 1.01E-03 -3.19E-03 0.1708 0.1714 5.45E-04
0.5521 0.2120 0.2122 1.55E-04 -7.31E-04 0.1170 0.1171 8.55E-05
0.5633 0.1035 0.1023 1.25E-03 1.21E-02 0.0583 0.0576 7.03E-04
0.5736 -0.0100 -0.0087 1.28E-03 1.28E-01 -0.0057 -0.0050 7.36E-04
0.5833 -0.1230 -0.1255 2.51E-03 -2.04E-02 -0.0717 -0.0732 1.46E-03
0.5900 -0.2100 -0.2085 1.53E-03 7.27E-03 -0.1239 -0.1230 9.01E-04
Sum of error 8.28E-04 4.74E-03 - - 3.36E-04

TABLE 6. Decision variables of DDeM of the RTC france Si PV cell.

Algorithm 1, (A) Lut (A) R.(Q) R, ©Q a L (A) a RMSE
CGBO 0.7608 2.2E-07 0.0368 55.5658 1.4488 8.012E-07 2 9.8251E-04
GBO 0.7608 5.28E-08 0.0364 53.9455 1.7980 3.071E-07 1.4773 9.8566E-04
IMO 0.7602 7.81E-07 0.0323 86.8312 1.5759 0 1.5892 2.0593E-03
MPA 0.7602 4.52E-08 0.0387 60.6960 1.3342 6.667E-07 1.7063 1.2771E-03
EO 0.7604 4.63E-07 0.0349 71.7118 1.5182 1.442E-09 1.9827 1.2200E-03
WOA 0.7881 7.4E-08 0.0337 7.6252 1.4298 5.84E-07 1.6110 2.0085E-02
PSO 0.7630 8.42E-07 0.0309 70.6572 1.5917 8.944E-07 2 3.0555E-03
IPSO 0.7615 0.000001 0.0300 100.0000 2.0000 0.000001 1.6130 3.1263E-03
0.8 , , 08 ,
* * * o, Estimated Value * - & Esnmz.ated Value
07 &« Experimental Value 0.7k % Experimental Value
—~ 0.6 — — 06 .
= ~3
= 05+ — g 05 .
3 g
5 04 - S04 -
Sosk - S o3l i
> >
~oo2f . ® 02 _
0.1+ — 0.1+ —
0 | | 1 | | 0 | | | 1 |
0 0.1 0.2 0.3 0.4 0.5 0.6 0 0.1 0.2 0.3 0.4 0.5 0.6
PV Cell Voltage (V) PV Cell Voltage (V)
(@ (b)

FIGURE 7. I-V characteristic curves of the RTC France Si cell; (a) SDeM, (b) DDeM.

it is observed that the experimental sample and estimated is superior to all selected algorithms. Next to the CGBO
data are matching accurately. Therefore, from the above-all algorithm, the performance of GBO is better than all other
discussions, it is proved that the proposed CGBO algorithm algorithms.
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TABLE 7. RE and IAE of DDeM of the RTC france Si PV cell.

Vet (V) Lt (A) Lest (A) IAE; RE Pace (W) Pest (W) IAE,
-0.2057 0.7640 0.7640 1.59E-05 2.08E-05 -0.1572 -0.1572 3.27E-06
-0.1291 0.7620 0.7626 6.07E-04 -7.96E-04 -0.0984 -0.0985 7.83E-05
-0.0588 0.7605 0.7613 8.42E-04 -1.11E-03 -0.0447 -0.0448 4.95E-05
0.0057 0.7605 0.7602 3.20E-04 4.21E-04 0.0043 0.0043 1.82E-06
0.0646 0.7600 0.7591 8.85E-04 1.16E-03 0.0491 0.0490 5.72E-05
0.1185 0.7590 0.7581 8.70E-04 1.15E-03 0.0899 0.0898 1.03E-04
0.1678 0.7570 0.7572 1.98E-04 -2.61E-04 0.1270 0.1271 3.32E-05
0.2132 0.7570 0.7563 7.48E-04 9.88E-04 0.1614 0.1612 1.59E-04
0.2545 0.7555 0.7552 3.16E-04 4.18E-04 0.1923 0.1922 8.03E-05
0.2924 0.7540 0.7537 2.74E-04 3.63E-04 0.2205 0.2204 8.00E-05
0.3269 0.7505 0.7514 8.99E-04 -1.20E-03 0.2453 0.2456 2.94E-04
0.3585 0.7465 0.7473 7.97E-04 -1.07E-03 0.2676 0.2679 2.86E-04
0.3873 0.7385 0.7400 1.50E-03 -2.03E-03 0.2860 0.2866 5.82E-04
0.4137 0.7280 0.7272 7.64E-04 1.05E-03 0.3012 0.3009 3.16E-04
0.4373 0.7065 0.7068 3.40E-04 -4.82E-04 0.3090 0.3091 1.49E-04
0.4590 0.6755 0.6752 2.95E-04 4.37E-04 0.3101 0.3099 1.35E-04
0.4784 0.6320 0.6308 1.24E-03 1.96E-03 0.3023 0.3018 5.93E-04
0.4960 0.5730 0.5720 1.00E-03 1.74E-03 0.2842 0.2837 4.96E-04
0.5119 0.4990 0.4997 7.14E-04 -1.43E-03 0.2554 0.2558 3.66E-04
0.5265 0.4130 0.4137 7.41E-04 -1.79E-03 02174 0.2178 3.90E-04
0.5398 0.3165 0.3175 1.05E-03 -3.32E-03 0.1708 0.1714 5.67E-04
0.5521 0.2120 0.2121 1.21E-04 -5.72E-04 0.1170 0.1171 6.69E-05
0.5633 0.1035 0.1022 1.34E-03 1.30E-02 0.0583 0.0575 7.56E-04
0.5736 -0.0100 -0.0088 1.20E-03 1.20E-01 -0.0057 -0.0050 6.90E-04
0.5833 -0.1230 -0.1255 2.54E-03 -2.07E-02 -0.0717 -0.0732 1.48E-03
0.5900 -0.2100 -0.2084 1.64E-03 7.80E-03 -0.1239 -0.1229 9.67E-04
Sum of error 8.18E-04 4.47E-03 - - 8.78E-03
TABLE 8. Decision variables of SDeM of the PVM752 GaAs solar cell.
Algorithm 1, (A) La(A) R, (Q) R, (Q) a RMSE

CGBO 0.0999 7.12E-12 0.6477 907.3413 1.6592 2.52E-04

GBO 0.0999 7.85E-12 0.6454 882.1252 1.6662 2.53E-04

IMO 0.1140 0.00E+00 0.0000 14.5082 1.0122 2.54E-02

MPA 0.1000 1.15E-11 0.6343 815.3168 1.6939 2.67E-04

EO 0.1138 0.00E+00 0.0000 14.5886 1.9967 2.54E-02

WOA 0.1017 2.32E-10 0.5176 196.9917 1.9525 1.30E-03

PSO 0.0085 -1.16E-03 -165.1620 184.5858 -423.9039 1.92E-03

IPSO 0.1138 0.00E+00 0.0000 14.5886 2.0000 2.54E-02

B. CASE STUDY-2

In this case study, the performance of the proposed
CGBO algorithm is validated on SDeM and DDeM of the
PVM?752 GaAs solar cell. For the simulation, 44 experimental
samples are collected at 1000 W/m? irradiance and 25 °C
temperature. Each algorithm tries to minimize the RMSE
value by optimizing five decision variables for SDeM or
seven decision variables for DDeM. The decision variables
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optimized by all selected algorithms are listed in Table 8 and
Table 10. It is observed from Table 8 that the proposed
CGBO algorithm can obtain minimum RMSE for SDeM,
i.e., 2.52E-04, and from Table 10, it is observed that the
proposed CGBO algorithm can obtain less RMSE value, i.e.,
2.22E-04. It is also observed from Table 8 and Table 10 that
the PSO algorithms search the optimal solution outside the
search space, which is not suitable for parameter estimation
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TABLE 9. RE and IAE of SDeM of the PVM752 GaAs solar cell.

Vaee (V) Lt (A) Lest (A) IAE; RE Pact (W) Pesc (W) TAE,
-0.1659 0.1001 0.1000 8.06E-05 8.05E-04 -0.0166 -0.0166 1.34E-05
-0.1281 0.1000 0.1000 2.22E-05 2.22E-04 -0.0128 -0.0128 2.85E-06
-0.0888 0.0999 0.0999 3.45E-05 -3.46E-04 -0.0089 -0.0089 3.07E-06
-0.0490 0.0999 0.0999 9.32E-06 9.33E-05 -0.0049 -0.0049 4.57E-07
-0.0102 0.0999 0.0998 5.21E-05 5.21E-04 -0.0010 -0.0010 5.31E-07
0.0275 0.0998 0.0998 6.44E-06 -6.45E-05 0.0027 0.0027 1.77E-07
0.0695 0.0999 0.0998 1.40E-04 1.40E-03 0.0069 0.0069 9.72E-06
0.1061 0.0998 0.0997 8.02E-05 8.03E-04 0.0106 0.0106 8.51E-06
0.1460 0.0998 0.0997 1.24E-04 1.24E-03 0.0146 0.0146 1.81E-05
0.1828 0.0997 0.0996 6.47E-05 6.48E-04 0.0182 0.0182 1.18E-05
0.2230 0.0997 0.0996 1.09E-04 1.09E-03 0.0222 0.0222 2.43E-05
0.2600 0.0996 0.0996 4.97E-05 4.99E-04 0.0259 0.0259 1.29E-05
0.3001 0.0997 0.0995 1.94E-04 1.95E-03 0.0299 0.0299 5.82E-05
0.3406 0.0996 0.0995 1.39E-04 1.39E-03 0.0339 0.0339 4.72E-05
0.3789 0.0995 0.0994 8.09E-05 8.13E-04 0.0377 0.0377 3.06E-05
0.4168 0.0994 0.0994 2.29E-05 2.30E-04 0.0414 0.0414 9.54E-06
0.4583 0.0994 0.0993 6.96E-05 7.00E-04 0.0456 0.0455 3.19E-05
0.4949 0.0993 0.0993 1.19E-05 1.20E-04 0.0491 0.0491 5.88E-06
0.5370 0.0993 0.0992 6.42E-05 6.47E-04 0.0533 0.0533 3.45E-05
0.5753 0.0992 0.0992 2.02E-05 2.04E-04 0.0571 0.0571 1.16E-05
0.6123 0.0990 0.0991 1.07E-04 -1.08E-03 0.0606 0.0607 6.56E-05
0.6546 0.0988 0.0990 1.67E-04 -1.69E-03 0.0647 0.0648 1.09E-04
0.6918 0.0983 0.0987 4.22E-04 -4.29E-03 0.0680 0.0683 2.92E-04
0.7318 0.0977 0.0981 4.36E-04 -4.46E-03 0.0715 0.0718 3.19E-04
0.7702 0.0963 0.0968 5.31E-04 -5.51E-03 0.0742 0.0746 4.09E-04
0.8053 0.0937 0.0942 5.25E-04 -5.60E-03 0.0755 0.0759 4.23E-04
0.8329 0.0900 0.0904 3.85E-04 -4.27E-03 0.0750 0.0753 3.20E-04
0.8550 0.0855 0.0855 8.87E-06 -1.04E-04 0.0731 0.0731 7.59E-06
0.8738 0.0799 0.0798 1.35E-04 1.68E-03 0.0698 0.0697 1.18E-04
0.8887 0.0743 0.0740 3.35E-04 4.51E-03 0.0660 0.0657 2.98E-04
0.9016 0.0683 0.0681 2.11E-04 3.08E-03 0.0616 0.0614 1.90E-04
0.9141 0.0618 0.0615 3.26E-04 5.28E-03 0.0565 0.0562 2.98E-04
0.9248 0.0555 0.0552 3.13E-04 5.64E-03 0.0513 0.0510 2.89E-04
0.9344 0.0493 0.0491 2.30E-04 4.67E-03 0.0461 0.0459 2.15E-04
0.9445 0.0422 0.0422 7.90E-06 -1.87E-04 0.0399 0.0399 7.46E-06
0.9533 0.0357 0.0358 6.54E-05 -1.83E-03 0.0340 0.0341 6.23E-05
0.9618 0.0291 0.0292 8.99E-05 -3.09E-03 0.0280 0.0281 8.65E-05
0.9702 0.0222 0.0225 2.59E-04 -1.17E-02 0.0215 0.0218 2.51E-04
0.9778 0.0157 0.0161 4.35E-04 -2.77E-02 0.0154 0.0158 4.25E-04
0.9852 0.0092 0.0097 5.07E-04 -5.51E-02 0.0091 0.0096 5.00E-04
0.9926 0.0026 0.0029 3.26E-04 -1.25E-01 0.0026 0.0029 3.24E-04
0.9999 -0.0040 -0.0041 1.29E-04 -3.21E-02 -0.0040 -0.0041 1.29E-04
1.0046 -0.0085 -0.0085 3.30E-05 -3.88E-03 -0.0085 -0.0086 3.31E-05
1.0089 -0.0124 -0.0131 6.96E-04 -5.61E-02 -0.0125 -0.0132 7.02E-04
Sum of error 1.83E-04 -6.96E-03 - - 1.41E-04

problems. Therefore, the PSO algorithm requires an effective
constraint handling mechanism to bring the particles inside
the search space. In addition, the improved PSO algorithm
fails to optimize the parameter estimation problem. It is
wholly stuck at local optima, and it could not find the optimal
global solution. As similar to PSO, an improved PSO is also
not suitable for parameter estimation problems. In addition
to RMSE, the proposed CGBO algorithm also gives very less
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RE, IAE;, and IAE; as listed in Table 9 (for SDeM) and
Table 11 (for DDeM). For SDeM of the PVM752 GaAs solar
cell, the average values of RE, IAE;, and IAE, are 6.96E-
03, 1.83E-04, and 1.41E-04, respectively, and for DDeM of
the PVM752 GaAs solar cell, the average values of RE, IAE;,
and IAE,, are 6.94E-03, 1.82E-04, and 5.81E-03, respectively.
In order to visualize the I-V characteristics of both SDeM
and DDeM of the PVM752 GaAs solar cell, the characteristic
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TABLE 10. Decision variables of DDeM of the PYM752 GaAs solar cell.

Algorithm I, (A) Lar (A) R (Q) R, (Q) ai Laz (A) a: RMSE
CGBO 0.1000 5.27E-12 0.6520 656.0251 1.6383 0.00E+00 1.0000 2.22E-04
GBO 0.0999 7.19E-14 0.6724 997.9138 1.4087 1.36E-10 2.0000 2.32E-04
IMO 0.1041 0.00E+00 0.0000 52.5857 2.0000 3.36E-10 2.0000 6.68E-03
MPA 0.1001 7.04E-14 0.5260 981.9015 1.9995 3.47E-10 1.9902 6.86E-04
EO 0.1138 0.00E+00 0.0000 14.5886 1.1436 0.00E+00 1.9693 2.54E-02
WOA 0.1006 0.00E+00 0.6884 894.2582 1.9146 1.83E-10 1.9297 2.91E-03
PSO 0.0606 -2.45E-02 -16.5257 503.0909 18.9910 6.90E-02 26.6620 3.30E-03
IPSO 0.5000 1.00E-06 0.0000 1000 2 1.00E-06 2 215.11
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FIGURE 8. I-V characteristic curves of the PYM752 GaAs solar cell; (a) SDeM, (b) DdeM.
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FIGURE 9. I-V characteristic curves of the Photowatt-PWP-201 PV module; (a) SDeM, (b) DdeM.

curves are illustrated in Fig. 8. From Fig. 8, it is observed
that the experimental sample and estimated data are match-
ing accurately. Therefore, from the above-all discussions,
it is proved that the proposed CGBO algorithm is superior
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to all selected algorithms for the estimation of uncertain
variables of PVM752 GaAs solar cell. Next to the CGBO
algorithm, the performance of GBO is better than all other
algorithms.
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TABLE 11. RE and IAE of DDeM of the PVM752 GaAs solar cell.

Vaet (V) Lt (A) Lt (A) 1AE; RE Poot (W) Pt (W) IAE,
-0.1659 0.1001 0.1002 8.19E-05 -8.18E-04 -0.0166 -0.0166 1.36E-05
-0.1281 0.1000 0.1001 1.24E-04 -1.24E-03 -0.0128 -0.0128 1.59E-05
-0.0888 0.0999 0.1001 1.65E-04 -1.65E-03 -0.0089 -0.0089 1.46E-05
-0.0490 0.0999 0.1000 1.04E-04 -1.04E-03 -0.0049 -0.0049 5.09E-06
-0.0102 0.0999 0.0999 4 47E-05 -4.48E-04 -0.0010 -0.0010 4.56E-07
0.0275 0.0998 0.0999 8.74E-05 -8.76E-04 0.0027 0.0027 2.40E-06
0.0695 0.0999 0.0998 7.67E-05 7.68E-04 0.0069 0.0069 5.33E-06
0.1061 0.0998 0.0998 3.24E-05 3.25E-04 0.0106 0.0106 3.44E-06
0.1460 0.0998 0.0997 9.33E-05 9.34E-04 0.0146 0.0146 1.36E-05
0.1828 0.0997 0.0997 4.93E-05 4.94E-04 0.0182 0.0182 9.00E-06
0.2230 0.0997 0.0996 1.11E-04 1.11E-03 0.0222 0.0222 2.46E-05
0.2600 0.0996 0.0995 6.68E-05 6.71E-04 0.0259 0.0259 1.74E-05
0.3001 0.0997 0.0995 2.28E-04 2.29E-03 0.0299 0.0299 6.84E-05
0.3406 0.0996 0.0994 1.90E-04 1.91E-03 0.0339 0.0339 6.46E-05
0.3789 0.0995 0.0994 1.48E-04 1.49E-03 0.0377 0.0376 5.61E-05
0.4168 0.0994 0.0993 1.06E-04 1.07E-03 0.0414 0.0414 4.42E-05
0.4583 0.0994 0.0992 1.70E-04 1.71E-03 0.0456 0.0455 7.80E-05
0.4949 0.0993 0.0992 1.28E-04 1.29E-03 0.0491 0.0491 6.32E-05
0.5370 0.0993 0.0991 1.97E-04 1.99E-03 0.0533 0.0532 1.06E-04
0.5753 0.0992 0.0990 1.68E-04 1.70E-03 0.0571 0.0570 9.67E-05
0.6123 0.0990 0.0989 5.40E-05 5.45E-04 0.0606 0.0606 3.30E-05
0.6546 0.0988 0.0988 5.63E-06 5.70E-05 0.0647 0.0647 3.69E-06
0.6918 0.0983 0.0985 2.45E-04 -2.49E-03 0.0680 0.0682 1.69E-04
0.7318 0.0977 0.0980 2.66E-04 -2.72E-03 0.0715 0.0717 1.95E-04
0.7702 0.0963 0.0967 3.88E-04 -4.03E-03 0.0742 0.0745 2.99E-04
0.8053 0.0937 0.0941 4.29E-04 -4.58E-03 0.0755 0.0758 3.45E-04
0.8329 0.0900 0.0903 3.39E-04 -3.77E-03 0.0750 0.0752 2.83E-04
0.8550 0.0855 0.0855 6.06E-06 -7.09E-05 0.0731 0.0731 5.19E-06
0.8738 0.0799 0.0798 1.07E-04 1.33E-03 0.0698 0.0697 9.32E-05
0.8887 0.0743 0.0740 2.91E-04 3.91E-03 0.0660 0.0658 2.58E-04
0.9016 0.0683 0.0681 1.58E-04 2.32E-03 0.0616 0.0614 1.43E-04
0.9141 0.0618 0.0615 2.74E-04 4.43E-03 0.0565 0.0562 2.50E-04
0.9248 0.0555 0.0552 2.65E-04 4.78E-03 0.0513 0.0511 2.45E-04
0.9344 0.0493 0.0491 1.90E-04 3.85E-03 0.0461 0.0459 1.77E-04
0.9445 0.0422 0.0422 3.87E-05 -9.16E-04 0.0399 0.0399 3.65E-05
0.9533 0.0357 0.0358 8.56E-05 -2.40E-03 0.0340 0.0341 8.16E-05
0.9618 0.0291 0.0292 9.94E-05 -3.41E-03 0.0280 0.0281 9.56E-05
0.9702 0.0222 0.0225 2.60E-04 -1.17E-02 0.0215 0.0218 2.52E-04
0.9778 0.0157 0.0161 4.29E-04 -2.73E-02 0.0154 0.0158 4.20E-04
0.9852 0.0092 0.0097 4 96E-04 -5.39E-02 0.0091 0.0096 4.89E-04
0.9926 0.0026 0.0029 3.10E-04 -1.19E-01 0.0026 0.0029 3.07E-04
0.9999 -0.0040 -0.0042 1.50E-04 -3.75E-02 -0.0040 -0.0041 1.50E-04
1.0046 -0.0085 -0.0086 5.20E-05 -6.11E-03 -0.0085 -0.0086 5.22E-05
1.0089 -0.0124 -0.0131 7.19E-04 -5.80E-02 -0.0125 -0.0132 7.25E-04
Sum of error 1.82E-04 -6.94E-03 - - 5.81E-03
C. CASE STUDY-3 the Photowatt-PWP-201 PV module. For the simulation,

In this case study, the performance of the proposed 25 experimental samples are collected at 1000 W/m? irradi-
CGBO algorithm is validated on SDeM and DDeM of ance and 45 °C temperature. The decision variables optimized
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TABLE 12. Decision variables of SDeM of the Photowatt-PWP-201 PV module.

Algorithm I, (A) I, (A) R, (Q) R, (Q) a RMSE
CGBO 1.0305 3.48E-06 1.2013 981.9821 48.6428 2.4251E-03
GBO 1.0305 3.48E-06 1.2013 981.9821 48.6428 2.4251E-03
IMO 1.0264 3.45E-06 12112 1899.6737 48.5924 2.7593E-03
MPA 1.0273 4.51E-06 1.1781 1977.6535 49.6486 2.5934E-03
EO 1.0296 3.76E-06 1.1943 1139.0284 48.9340 2.4385E-03
WOA 1.0280 4.75E-06 1.1680 1712.8543 49.8593 2.5914E-03
PSO 1.0263 2.76E-06 1.2392 1655.6278 47.7452 3.0801E-03
IPSO 1.0286 4.92E-06 1.1646 1589.2728 50.0000 2.6081E-03

TABLE 13. RE and IAE of SDeM of the Photowatt-PWP-201 PV module.

Vact (V) Iact (A) Icst (A) IAEi RE Pact (W) Pcsl (W) IAEp
0.1248 1.0315 1.0291 2.38E-03 2.31E-03 0.1287 0.1284 2.97E-04
1.8093 1.0300 1.0274 2.62E-03 2.54E-03 1.8636 1.8588 4.74E-03
3.3511 1.0260 1.0257 2.58E-04 2.52E-04 3.4382 3.4374 8.65E-04
4.7622 1.0220 1.0241 2.11E-03 -2.06E-03 4.8670 4.8770 1.00E-02
6.0538 1.0180 1.0223 4.29E-03 -4.22E-03 6.1628 6.1888 2.60E-02
7.2364 1.0155 1.0199 4.43E-03 -4.36E-03 7.3486 7.3806 3.21E-02
8.3189 1.0140 1.0164 2.36E-03 -2.33E-03 8.4354 8.4550 1.97E-02
9.3097 1.0100 1.0105 4.96E-04 -4.91E-04 9.4028 9.4074 4.62E-03
10.2163 1.0035 1.0006 2.87E-03 2.86E-03 10.2521 10.2227 2.93E-02
11.0449 0.9880 0.9845 3.45E-03 3.49E-03 10.9124 10.8742 3.81E-02
11.8018 0.9630 0.9595 3.48E-03 3.61E-03 11.3651 11.3241 4.11E-02
12.4929 0.9255 0.9228 2.66E-03 2.88E-03 11.5622 11.5289 3.32E-02
13.1231 0.8725 0.8726 9.97E-05 -1.14E-04 11.4499 11.4512 1.31E-03
13.6983 0.8075 0.8073 2.26E-04 2.80E-04 11.0614 11.0583 3.09E-03
14.2221 0.7265 0.7283 1.84E-03 -2.53E-03 10.3324 10.3585 2.61E-02
14.6995 0.6345 0.6371 2.64E-03 -4.16E-03 9.3268 9.3656 3.88E-02
15.1346 0.5345 0.5362 1.71E-03 -3.20E-03 8.0894 8.1154 2.59E-02
15.5311 0.4275 0.4295 2.01E-03 -4.70E-03 6.6395 6.6708 3.12E-02
15.8929 0.3185 0.3188 2.74E-04 -8.62E-04 5.0619 5.0663 4.36E-03
16.2229 0.2085 0.2074 1.11E-03 5.33E-03 3.3825 3.3645 1.80E-02
16.5241 0.1010 0.0962 4.83E-03 4.78E-02 1.6689 1.5891 7.99E-02
16.7987 -0.0080 -0.0083 3.25E-04 -4.07E-02 -0.1344 -0.1399 5.47E-03
17.0499 -0.1110 -0.1109 6.35E-05 5.72E-04 -1.8925 -1.8915 1.08E-03
17.2793 -0.2090 -0.2092 2.47E-04 -1.18E-03 -3.6114 -3.6156 4.27E-03
17.4885 -0.3030 -0.3009 2.14E-03 7.05E-03 -5.2990 -5.2617 3.74E-02

Sum of error 1.96E-03 3.25E-04 - - 2.07E-02
TABLE 14. Decision variables of DDeM of the Photowatt-PWP-201 PV module.

Algorithm I, (A) Ly (A) R; (Q) R, () a; L (A) a; RMSE
CGBO 1.0305 3.48E-06 1.2013 981.8874 48.6428 3.89E-12 34.7828 2.4251E-03
GBO 1.0305 3.47E-06 1.2016 981.2677 48.6314 0.00E+00 50.0000 2.4251E-03
IMO 1.0251 0.00E+00 1.2339 1849.8346 457618 3.07E-06 48.1472 3.3063E-03
MPA 1.0276 9.71E-13 1.1676 1965.5137 48.1139 4.89E-06 49.9760 2.6227E-03
EO 1.0288 9.38E-10 1.1896 1310.6705 47.1325 3.96E-06 49.1369 2.4687E-03
WOA 0.9903 0.00E+00 0.0000 202.8633 1.0256 4.04E-06 50.0000 8.9973E-02
PSO 1.0314 3.14E-06 1.1944 694.6947 48.6684 2.61E-07 47.6085 3.2066E-03
IPSO 1.0286 4.92E-06 1.1646 1589.2728 50.0000 0.00E+00 50.0000 2.6081E-03

by all selected algorithms are listed in Table 12 and Table 14. proposed CGBO produce the same error for DDeM, i.e.,
It is observed from Table 12 that both GBO and the proposed 2.4251E-04, however, the proposed CGBO is better than
CGBO produce the same error for SDeM, i.e., 2.4251E-04, GBO in terms of reliability and convergence speed. In addi-
and from Table 14, it is observed that both GBO and the tion to RMSE, the proposed CGBO algorithm also gives very
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TABLE 15. RE and IAE of SDeM of the Photowatt-PWP-201 PV module.

Vacl (V) Iact (A) Iest (A) IAEI RE Pacl (w) Pest (W) IAEP
0.1248 1.0315 1.0291 2.38E-03 2.31E-03 0.1287 0.1284 2.97E-04
1.8093 1.0300 1.0274 2.62E-03 2.54E-03 1.8636 1.8588 4.74E-03
3.3511 1.0260 1.0257 2.58E-04 2.51E-04 3.4382 3.4374 8.64E-04
4.7622 1.0220 1.0241 2.11E-03 -2.06E-03 4.8670 4.8770 1.00E-02
6.0538 1.0180 1.0223 4.29E-03 -4.22E-03 6.1628 6.1888 2.60E-02
7.2364 1.0155 1.0199 4.43E-03 -4.36E-03 7.3486 7.3806 3.21E-02
8.3189 1.0140 1.0164 2.36E-03 -2.33E-03 8.4354 8.4550 1.97E-02
9.3097 1.0100 1.0105 4.96E-04 -4.91E-04 9.4028 9.4074 4.62E-03
10.2163 1.0035 1.0006 2.87E-03 2.86E-03 10.2521 10.2227 2.93E-02
11.0449 0.9880 0.9845 3.45E-03 3.49E-03 10.9124 10.8742 3.81E-02
11.8018 0.9630 0.9595 3.48E-03 3.61E-03 11.3651 11.3241 4.11E-02
12.4929 0.9255 0.9228 2.66E-03 2.88E-03 11.5622 11.5289 3.32E-02
13.1231 0.8725 0.8726 9.94E-05 -1.14E-04 11.4499 11.4512 1.30E-03
13.6983 0.8075 0.8073 2.26E-04 2.80E-04 11.0614 11.0583 3.10E-03
14.2221 0.7265 0.7283 1.84E-03 -2.53E-03 10.3324 10.3585 2.61E-02
14.6995 0.6345 0.6371 2.64E-03 -4.16E-03 9.3268 9.3656 3.88E-02
15.1346 0.5345 0.5362 1.71E-03 -3.21E-03 8.0894 8.1154 2.59E-02
15.5311 0.4275 0.4295 2.01E-03 -4.71E-03 6.6395 6.6708 3.12E-02
15.8929 0.3185 0.3188 2.75E-04 -8.62E-04 5.0619 5.0663 4.37E-03
16.2229 0.2085 0.2074 1.11E-03 5.33E-03 3.3825 3.3645 1.80E-02
16.5241 0.1010 0.0962 4.83E-03 4.78E-02 1.6689 1.5891 7.99E-02
16.7987 -0.0080 -0.0083 3.25E-04 -4.07E-02 -0.1344 -0.1399 5.46E-03
17.0499 -0.1110 -0.1109 6.35E-05 5.72E-04 -1.8925 -1.8915 1.08E-03
17.2793 -0.2090 -0.2092 2.47E-04 -1.18E-03 -3.6114 -3.6156 4.27E-03
17.4885 -0.3030 -0.3009 2.14E-03 7.05E-03 -5.2990 -5.2617 3.74E-02
Sum of error 1.96E-03 3.26E-04 - - 2.07E-02
TABLE 16. Decision variables of the KC200GT PV module obtained by all algorithms under different temperature conditions.
Condition Algorithm 1, (A) LI, (A) R, (Q) R, (Q) a RMSE

CGBO 8.201663 4.44E-09 0.333303 4986.789 1.110447 6.4518E-03

GBO 8.204166 4.76E-09 0.332611 3345.386 1.114105 6.7008E-03

IMO 8.242908 1.23E-05 0.099476 4924.261 1.75354 8.5144E-02

MPA 8.249296 2.94E-05 0.051183 4999.996 1.871542 9.6064E-02

25°C EO 8.223271 6.82E-07 0.208296 4894.759 1.447208 5.1490E-02

WOA 8.251749 1.13E-05 0.100188 1063.135 1.741846 8.6519E-02

PSO 8.292866 0.0001 0 2921.46 2.071981 1.1843E-01

IPSO 8.270254 0.0001 0 5000 2.072842 1.1627E-01

CGBO 8.295485 1.27E-07 0.335407 939.6941 1.118015 2.7581E-03

GBO 8.296133 1.33E-07 0.334352 921.2209 1.120685 2.8869E-03

MO 8.327198 2.12E-05 0.174989 1104.461 1.555261 7.5538E-02

50°C MPA 8.318867 1.28E-05 0.205016 4999.977 1.498695 6.3988E-02

EO 8.301606 1.25E-06 0.284106 4955.469 1.278928 2.8887E-02

WOA 8.330168 1.6E-05 0.211722 1284.815 1.525678 7.4918E-02

PSO 8.319941 0.0001 0 3474.577 1.752048 1.7907E-01

IPSO 8.340337 0.0001 0.108664 5000 1.765758 9.9118E-02

CGBO 8.378164 1.62E-06 0.342598 767.1287 1.101049 4.4558E-03

GBO 8.377664 1.63E-06 0.342497 790.4933 1.101481 4.4729E-03

IMO 8.397435 2.94E-05 0.259912 2593.228 1.353103 5.3696E-02

750C MPA 8.364668 1.69E-06 0.343057 4972.814 1.103861 6.6668E-03

EO 8.379205 6.4E-06 0.308952 4989.473 1.207646 2.2820E-02

WOA 8.387287 7.46E-06 0.314027 4664.953 1.221557 3.2939E-02

PSO 8.424181 0.0021 -0.01934 1417.11 2.045836 1.8402E-01

IPSO 8.415617 0.0001 0.213508 5000 1.498303 7.9559E-02

less RE, IAE;, and IAE,, as listed in Table 13 (for SDeM)
and Table 15 (for DDeM). For SDeM of the Photowatt-
PWP-201 PV module, the average values of RE, TAE;, and
IAE,, are 3.25E-04, 1.96E-03, and 2.07E-02, respectively, and
for DDeM of the Photowatt-PWP-201 PV module, the aver-
age values of RE, IAE;, and IAE,, are 3.26E-04, 1.96E-03,
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and 2.07E-03, respectively. In order to visualize the I-V
characteristics of both SDeM and DDeM of the Photowatt-
PWP-201 PV module, the characteristic curves are illus-
trated in Fig. 9. From Fig. 9, it is observed that the exper-
imental sample and estimated data are matching accurately.
Therefore, from the above-all discussions, it is proved that
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TABLE 17. Decision variables of the KC200GT PV module obtained by all algorithms under different irradiance conditions.

Condition Algorithm 1, (A) L (A) R, (Q) R, (Q) a RMSE
CGBO 8.206257 3.91E-09 0.33611 2492.041 1.104013 5.1445E-03
GBO 8.204752 3.24E-09 0.339289 2320.371 1.094464 5.6055E-03
MO 8.251763 2.01E-05 0.075865 2269.877 1.818535 9.2314E-02
1000W/m? MPA 8.237377 6.35E-06 0.125199 4792.819 1.671877 7.6815E-02
EO 8.226907 7.84E-07 0.209442 4997.609 1.460143 5.3061E-02
WOA 8.259709 3.82E-05 0.037566 1223.715 1.910946 1.0189E-01
PSO 8.301947 5.56E-05 0.016144 765.0737 1.968867 1.1277E-01
IPSO 8.270254 0.0001 0 5000 2.072842 1.1627E-01
CGBO 6.562205 2.21E-09 0.342618 1534.004 1.074838 5.5503E-03
GBO 6.555748 3.84E-09 0.331713 4988.073 1.102548 9.1070E-03
IMO 6.605426 4.04E-05 0 4676.694 1.942802 9.4462E-02
800W/m? MPA 6.577328 7.4E-07 0.178713 4999.941 1.460498 4.9472E-02
EO 6.577927 7.36E-07 0.180365 4958.47 1.460089 4.9442E-02
WOA 6.616677 3.7E-05 0.007374 1097.671 1.929037 9.6883E-02
PSO 6.564909 0.178296 -2.11715 4120.713 6.079291 2.1338E-01
IPSO 6.566696 1.46E-07 0.23258 5000 1.327365 3.5642E-02
CGBO 4.921947 5.24E-09 0.331575 1581.609 1.12021 5.0603E-03
GBO 4.920649 7.36E-09 0.324619 3549.742 1.138777 6.2228E-03
IMO 4.956447 1.91E-05 0 4343.706 1.853594 6.6926E-02
600W/m? MPA 4.939686 2.63E-06 0.088329 4999.998 1.599185 4.4243E-02
EO 4.932097 5.61E-07 0.16381 4996.83 1.445281 3.1859E-02
WOA 4.99568 4.38E-06 0.012004 208.9506 1.657903 6.8755E-02
PSO 5.087625 0.0001 0 1863.974 2.140382 1.4917E-01
IPSO 4.997821 0.0001 0 5000 2.14622 1.2540E-01
CGBO 3.279337 2.94E-09 0.327414 1312.421 1.089004 3.8315E-03
GBO 3.282883 2.45E-09 0.336103 1086.752 1.079609 2.7655E-03
IMO 3.306257 1.07E-05 0 3809.161 1.801892 6.3662E-02
400W/m? MPA 3.281416 4.25E-07 0.026425 4999.983 1.424594 1.7366E-02
EO 3.279753 4.28E-07 0 5000 1.423972 1.7835E-02
WOA 3.316049 4.67E-06 0.093907 892.7713 1.694502 6.6284E-02
PSO 3.315121 0.001202 -1.39541 1182.66 2.791425 5.9302E-02
IPSO 3.335288 0.0001 0 5000 2.213591 1.1430E-01
CGBO 1.643011 1.82E-09 0.268534 827.3371 1.063041 1.1614E-03
GBO 1.645863 9.6E-10 0.324039 707.9263 1.031613 3.5856E-03
IMO 1.643025 1.42E-06 0 4999.829 1.581963 2.8717E-02
200W/m? MPA 1.631824 5.52E-09 0.224658 4314.544 1.123058 7.0862E-03
EO 1.633029 2.96E-08 2.7E-08 4034.488 1.226212 6.8803E-03
WOA 1.667573 2.6E-06 0.251213 621.0018 1.672866 4.8568E-02
PSO 1.645423 0.001282 -4.00673 2019.802 2.934351 2.4848E-02
IPSO 1.632365 2.52E-08 0.029768 5000 1.21576 7.0784E-03
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FIGURE 10. I-V curves of the KC200GT PV module under different temperature
conditions.
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TABLE 18. Decision variables of the SM55 PV module obtained by all algorithms under different temperature conditions.

Condition  Algorithm I, (A) L (A) R, (Q) R, Q) a RMSE
CGBO 3.44892 1.75E-07 0.32913 514.5593 1.39748 1.1511E-03
GBO 3.450104 1.71E-07 0.329147 483.9025 1.395753 1.3462E-03
MO 3.449672 1.97E-05 0.083349 4775.526 1.940924 2.8736E-02
25°C MPA 3.444941 5.42E-06 0.172233 4995.902 1.754257 1.9186E-02
EO 3.441834 2.46E-06 0.219134 4999.92 1.656646 1.3948E-02
WOA 3.458598 2.39E-05 0.085474 1638.162 1.973198 3.2145E-02
PSO 3.48775 0.056572 -1.77634 2360.674 5.592765 1.1060E-01
IPSO 3.469246 0.0001 0 5000 2.243364 4.7816E-02
CGBO 3.469137 1.15E-06 0.313096 533.0827 1.417839 3.7888E-03
GBO 3.469138 1.15E-06 0.313096 533.0642 1.417839 3.7888E-03
IMO 3.461189 5.18E-06 0.248916 4984.936 1.576211 9.8616E-03
50°C MPA 3.457553 2.31E-06 0.288398 4988.611 1.487183 6.3961E-03
EO 3.463348 5.96E-06 0.235056 2315.23 1.592709 1.1069E-02
WOA 3.504876 5.1E-06 0.292744 2354211 1.57869 3.8414E-02
PSO 3.441772 0.0001 0 1697.677 2.020512 4.8641E-02
IPSO 3.477999 0.0001 0.035293 5000 2.019734 3.4810E-02
CGBO 3.494608 6.91E-06 0.318706 484.8835 1.405142 3.7804E-03
GBO 3.494608 6.91E-06 0.318706 484.8841 1.405142 3.7804E-03
IMO 3.490922 3.01E-05 0.241988 2005.047 1.581471 1.1094E-02
15°C MPA 3.492325 4.71E-05 0.209507 3527.971 1.643884 1.4560E-02
EO 3.483392 1.28E-05 0.292914 5000 1.473605 5.9841E-03
WOA 3.491212 2.76E-05 0.244386 1595.925 1.569386 1.0414E-02
PSO 3.546993 0.030493 -0.93763 2200.143 3.845697 9.3246E-02
IPSO 3.497096 0.0001 0.151457 5000 1.761419 2.1568E-02
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FIGURE 14. Convergence curve of all algorithms for case study - 1; (a) SDeM, (b) DDeM.

the proposed CGBO algorithm is superior to all selected
algorithms for the estimation of uncertain variables of the
Photowatt-PWP-201 PV module. As similar to previous case
studies, next to the CGBO algorithm, the performance of

GBO is better than all other algorithms.
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D. RESULTS BASED ON DATASHEET INFORMATION

The proposed CGBO algorithm is further examined for its
feasibility study in solving the parameter estimation problem
of large photovoltaic modules. Therefore, two commercial
photovoltaic modules, namely KC200GT and SMS5S5, are
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TABLE 19. Decision variables of the SM55 PV module obtained by all algorithms under different irradiance conditions.

Condition  Algorithm I, (A) Li(A) R, (Q) R, (Q) a RMSE
CGBO 3.450843 1.85E-07 0.325679 467.2506 1.402082 1.1455E-03
GBO 3.450102 1.71B-07 0.329144 483.9341 1395762 1.3862E-03
IMO 3.451125 4.14E-05 0 4014.611 2.0655 3.5626E-02
L000W/m? MPA 3.442461 1.72B-06 0.23545 2294.404 1.61604 1.1948E-02
EO 3.441215 1.59E-06 0.237317 2681.823 1.607168 1.1482E-02
WOA 3.458395 1.83E-05 0.128494 1722.303 1.93148 3.3802E-02
PSO 3.510579 0.0001 0 2884.455 2.239416 6.0542E-02
IPSO 3.469246 0.0001 0 5000 2.243364 4.7816E-02
CGBO 2.760381 1.44B-07 0.337537 459.9301 1.381217 6.2858E-04
GBO 2.760182 1.54B-07 0.334082 466.9101 1.386512 6.9484E-04
MO 2.753096 6.43E-06 0 1152.932 1.771062 1.3719E-02
SOOW/en? MPA 2.746824 1.16E-06 0.214625 4982.165 1.573558 6.9013E-03
EO 2.748473 2.41E-06 0.150224 4995.679 1.653451 8.3174E-03
WOA 2.767772 1.29E-06 0.185322 389.8211 1.584903 9.6171E-03
PSO 2.763569 0.031841 -2.60995 2285.5 4.832971 5.7836E-02
IPSO 2.777992 0.0001 0 5000 227199 5.0084E-02
CGBO 2.070678 1.56E-07 0.331639 454.1206 1.387683 8.1329E-04
GBO 2.070898 1.56E-07 0.330504 450.0581 1.387532 8.4395E-04
IMO 2.059557 3.02E-06 0.087489 2234.832 1.689817 8.0084E-03
SOOW/m? MPA 2.066192 1.32E-05 0.000594 4999.805 1.899127 1.5851E-02
EO 2.06195 5.55E-06 0.01569 2143.557 1.768602 9.6450E-03
WOA 2.077546 1.41E-05 0.000601 685.564 1.912535 2.0428E-02
PSO 2.0844 0.007219 -2.06002 2634.161 3.922552 4.2854E-02
IPSO 2.087349 0.0001 0 5000 2.302545 4.9929E-02
CGBO 1.382843 1E-07 0.396608 427.0765 1352018 7.0761E-04
GBO 1.382769 1.02B-07 0.395135 428.9034 1.353267 7.0839E-04
IMO 1.374778 9.26E-06 0.004138 3334.181 1.867221 1.2773E-02
S00W/in? MPA 1368276 9.97E-07 0.218323 4512.39 1569306 7.1086E-03
EO 1.379147 1.22E-06 0.000632 562.4063 1.586405 3.2939E-03
WOA 1.384036 3.86E-05 0.028004 2131.402 2.141395 2.6033E-02
PSO 1.382059 0.001809 -2.78434 2833.463 3.203328 1.6134E-02
IPSO 1.388003 0.0001 0 5000 2.36865 3.3922E-02
CGBO 0.692014 1.31E-07 0.312406 438.0434 1.370901 5.2054E-04
GBO 0.692014 1.31E-07 0.312406 438.0434 1.3709 5.2054E-04
MO 0.684536 1.61E-05 0 2695.774 2.010689 1.0784E-02
200W/ea? MPA 0.683507 2.64E-06 0.00068 1294.244 1.704622 5.5661E-03
EO 0.690719 3.63E-07 0 471.8901 1.464654 8.0926E-04
WOA 0.690746 2.05E-05 0.018191 850.7806 2.070085 1.3114E-02
PSO 0.680884 5.68E-05 -2.066 3850.407 2.221589 5.2428E-03
IPSO 0.689602 0.0001 0 5000 2.462579 1.8500E-02

considered for further investigations. A total of 333 sam-
ples were collected from the datasheet at different irradi-
ance and temperature levels. The KC200GT PV module is
a multi-crystalline panel, and the SM55 PV module is a
monocrystalline panel for industrial applications, which has
36 PV series-connected cells. The value of the I, finds the
initial range of the I,. The temperature coefficient of the
short-circuit current « has been taken from the datasheet (for
SMSS5, o = 1.2mA/"C and for KC200GT, o = 3.18mA/*C).

62366

The I is obtained using the datasheet information at standard
test condition (STC), and it can be expressed in Eq. 41.

G
I (T,G) = Gore xIse—stc + (T —Tsrc) o (41)

where I;._s7c denotes the I, at STC, Ggrc and Tsrc rep-
resent the irradiance and temperature at STC, and G and T
denote the actual irradiance and temperature.
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TABLE 20. Statistical results of all algorithms for case study-1.

Model Algorithm Min Max Mean Median STD RT Rank
CGBO 9.8602E-04 9.8602E-04 9.8602E-04 9.8602E-04 9.0751E-14 18.50 1
GBO 9.8602E-04 9.8602E-04 9.8602E-04 9.8602E-04 2.9876E-11 19.87 2
IMO 1.3932E-03 3.0867E-03 2.1642E-03 2.0129E-03 8.5683E-04 17.46 4
SDeM MPA 2.3408E-03 5.3061E-03 3.9218E-03 4.1184E-03 1.4924E-03 36.31 5
e
EO 1.2571E-03 1.4846E-03 1.3823E-03 1.4050E-03 1.1544E-04 58.20 3
WOA 2.4893E-03 5.3206E-03 3.8084E-03 3.6154E-03 1.4255E-03 35.96 8
PSO 2.3988E-03 2.0754E-02 8.5794E-03 2.5854E-03 1.0544E-02 17.83 6
IPSO 2.4480E-03 2.4480E-03 2.4480E-03 2.4480E-03 2.3764E-17 17.61 7
CGBO 9.8251E-04 9.8674E-04 9.8614E-04 9.8602E-04 5.4679E-07 18.38 1
GBO 9.8566E-04 1.0143E-03 9.9416E-04 9.8571E-04 1.7476E-05 19.80 2
IMO 2.0593E-03 4.4541E-03 3.2603E-03 3.2677E-03 1.1974E-03 17.31 5
DDeM MPA 1.2771E-03 2.8364E-03 1.9381E-03 1.7008E-03 8.0626E-04 35.65 4
e
EO 1.2200E-03 1.5379E-03 1.4191E-03 1.4993E-03 1.7349E-04 58.63 3
WOA 2.0085E-02 4.3403E-02 3.5524E-02 4.3084E-02 1.3371E-02 36.36 8
PSO 3.0555E-03 2.9671E-02 1.2259E-02 4.0514E-03 1.5087E-02 17.31 6
IPSO 3.1263E-03 3.1263E-03 3.1263E-03 3.1263E-03 2.9993E-17 17.38 7
TABLE 21. Statistical results of all algorithms for case study-2.
Model Algorithm Min Max Mean Median STD RT Rank
CGBO 2.523E-04 2.706E-04 2.619E-04 2.618E-04 1.623E-06 18.49 1
GBO 2.533E-04 2.567E-04 2.553E-04 2.560E-04 8.762E-06 21.04 2
IMO 2.540E-02 2.543E-02 2.541E-02 2.540E-02 1.804E-05 17.19 5
MPA 2.672E-04 6.914E-04 5.499E-04 6.911E-04 2.448E-04 35.53 3
SDeM
EO 2.540E-02 2.540E-02 2.540E-02 2.540E-02 4.249E-18 58.50 6
WOA 1.296E-03 2.543E-02 1.738E-02 2.540E-02 1.393E-02 35.50 4
PSO 1.918E-03 3.487E-02 1.402E-02 5.263E-03 1.814E-02 17.15 8
IPSO 2.540E-02 3.611E-02 2.897E-02 2.540E-02 6.184E-03 17.04 7
CGBO 2.222E-04 2.602E-04 2.414E-04 2.417E-04 1.902E-05 17.07 1
GBO 2.325E-04 2.623E-04 2.513E-04 2.591E-04 1.636E-05 18.51 2
IMO 6.683E-03 2.541E-02 1.917E-02 2.540E-02 1.081E-02 17.30 5
MPA 6.858E-04 6.895E-04 6.881E-04 6.888E-04 1.987E-06 34.78 3
DDeM
EO 2.540E-02 2.540E-02 2.540E-02 2.540E-02 3.469E-18 56.74 6
WOA 2.911E-03 2.540E-02 1.791E-02 2.540E-02 1.299E-02 35.07 4
PSO 3.299E-03 3.430E-03 3.375E-03 3.398E-03 6.832E-05 16.92 7
IPSO 2.151E+02 2.151E+02 2.151E+02 2.151E+02 0.000E+00 16.97 8

1) CASE STUDY-4

At different temperatures and irradiance, the parameter of
the KC200GT PV module is obtained using all selected
algorithms. The proposed CGBO and all other selected
algorithms obtain the best parameters at different irradi-

VOLUME 9, 2021

ance (200 W/m2, 400 W/m?2, 600 W/m?2, 800 W/m2, and
1000 W/m?) with 25 °C constant temperature. Similarly,
the parameters are obtained at different temperatures (25 °C,
50 °C, and 75 °C) with 1000 W/m? constant irradiance.
Table 16 lists the optimized parameters of the KC200GT PV
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FIGURE 15. Convergence curve of all algorithms for case study - 2; (a) SDeM, (b) DDeM.

TABLE 22. Statistical results of all algorithms for case study-3.

Model Algorithm Min Max Mean Median STD RT Rank
CGBO 2.425E-03 2.425E-03 2.425E-03 2.425E-03 2.058E-14 18.21 1
GBO 2.425E-03 2.425E-03 2.425E-03 2.425E-03 2.254E-09 19.71 2
IMO 2.759E-03 2.746E-01 9.476E-02 6.967E-03 1.557E-01 17.42 6
MPA 2.593E-03 6.766E-03 3.991E-03 2.613E-03 2.404E-03 36.15 5
SDeM
EO 2.438E-03 2.608E-03 2.519E-03 2.512E-03 8.509E-05 58.09 3
WOA 2.591E-03 7.334E-02 2.638E-02 3.219E-03 4.066E-02 35.60 4
PSO 3.080E-03 7.297E-03 4.694E-03 3.705E-03 2.276E-03 17.43 8
IPSO 2.608E-03 2.629E-03 2.615E-03 2.608E-03 1.222E-05 17.43 7
CGBO 2.425E-03 2.425E-03 2.425E-03 2.425E-03 3.282E-08 18.15 1
GBO 2.425E-03 2.447E-03 2.433E-03 2.427E-03 1.226E-05 19.16 2
IMO 3.306E-03 2.745E-01 1.840E-01 2.743E-01 1.565E-01 17.16 7
MPA 2.623E-03 2.688E-03 2.646E-03 2.628E-03 3.660E-05 36.61 5
DDeM
EO 2.469E-03 2.743E-01 9.306E-02 2.471E-03 1.569E-01 57.23 3
WOA 8.997E-02 2.743E-01 1.542E-01 9.841E-02 1.041E-01 35.34 8
PSO 3.207E-03 5.176E-02 2.232E-02 1.199E-02 2.587E-02 17.24 6
IPSO 2.608E-03 1.062E+01 5.121E+00 4.738E+00 5.320E+00 17.62 4

module under different temperature conditions by all selected
algorithms. For all temperature conditions, the proposed
CGBO algorithm obtains less RMSE value, i.e., 6.4518E-
03 (for 25°C), 2.7581E-03 (for 50°C), and 4.4558E-03 (for
75°C) than all other algorithms. Similarly, Table 17 lists
the optimized parameters under different irradiance condi-
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tions by all selected algorithms. For all irradiance condi-
tions, the proposed CGBO algorithm obtains less RMSE
value, i.e., 1.5445E-03 (for 1000W/m?), 5.5503E-03 (for
800W/m?), 5.0603E-03 (for 600W/m?), 3.8315E-03 (for
400W/m?), and 1.1614E-03 (for 200W/m?) than all other
algorithms. Further, it is also observed that the PSO algorithm
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FIGURE 17. Convergence curve of all algorithms for case study-4.

is searching for the solution outside the boundary, and there-
fore, an effective constraint handling mechanism is required
to bring the particles inside the boundary. Also, the IPSO
algorithm is stuck at local optima, and therefore, the solution
accuracy is very poor. Therefore, it is decided not to select the
PSO and IPSO algorithm for parameter estimation problems.
Figs. 10-11 demonstrates the accuracy of fitting the estimated
parameters with the experimental parameters under different
temperatures (with constant irradiance) and different irradi-
ance (with constant temperature), which proves further the
effectiveness of the proposed CGBO algorithm. Therefore,
based on RMSE values and the I-V curve fitness, it is proved
that the proposed CGBO algorithm is superior to all selected
algorithms. Next to the CGBO algorithm, the basic variant
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of the GBO algorithm is performing better than all other
algorithms.

2) CASE STUDY-5

As similar to case study—4, at different temperatures and
irradiance, the parameter of the SM55 PV module is obtained
using all selected algorithms. The proposed CGBO and all
other selected algorithms obtain the best parameters at differ-
ent irradiance (200 W/m?2, 400 W/m?2, 600 W/m?, 800 W/m?,
and 1000 W/m?) with 25 °C constant temperature. Similarly,
the parameters are obtained at different temperatures (25 °C,
40 °C, and 60 °C) with 1000 W/m? constant irradiance. The
experimental samples are listed in the Appendix (refer to
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TABLE 23. Statistical results of all algorithms for case study-4.

CZ:;?t'i‘fns Algorithm Min Max Mean Median STD RT Rank
GBO 0.006700795 | 0.010820369 | 0.008197025 | 0.00706991 | 0.002279367 | 22.13020833 2
CGBO 0.006451774 | 0.009448355 | 0.007801535 | 0.007504476 | 0.001520216 20.625 1
IMO 0.085144159 | 0.12176692 | 0.103853683 | 0.104649971 | 0.018324361 | 19.79166667 4
1000W/m? MPA 0.096063937 | 0.102349168 | 0.098395893 | 0.096774576 | 0.003442025 | 41.05208333 6
& 25°C EO 0.051490407 | 0.104239662 | 0.072398055 | 0.061464097 | 0.028022929 | 66.21875 3
WOA 0.086519109 | 0.188526005 | 0.131120877 | 0.118317517 | 0.052194791 | 38.24479167 5
PSO 0.118432444 | 0277125938 | 0.17269548 | 0.122528057 | 0.09046261 19.8125 8
IPSO 0.116270097 | 0.116270097 | 0.116270097 | 0.116270097 | 2.4037E-17 19.828125 7
GBO 0.002886922 | 0.004742437 | 0.004121681 | 0.004735683 | 0.001069338 19.46875 2
CGBO 0.002758132 | 0.004570079 | 0.003500875 | 0.003174415 | 0.000949063 | 21.07291667 1
IMO 0.075537799 | 0.099255921 | 0.090035578 | 0.095313014 | 0.012709281 | 19.359375 6
1000W/m? MPA 0.06398826 | 0.095264179 | 0.078824423 | 0.07722083 | 0.015699503 39.40625 4
& 50°C EO 0.028886839 | 0.041118305 | 0.036729954 | 0.040184718 | 0.006808358 | 63.671875 3
WOA 0.074917949 | 0.144070647 | 0.098762805 | 0.077299819 | 0.039255811 | 37.50520833 5
PSO 0.179071603 | 0.275551655 | 0.230888473 | 0.238042159 | 0.048636216 | 19.234375 8
IPSO 0.099118392 | 0.099118392 | 0.099118392 | 0.099118392 | 6.50926E-17 | 19.19791667 7
GBO 0.004475767 | 0.004535679 | 0.004511463 | 0.004522944 | 3.1563E-05 20.296875 2
CGBO 0.00447293 | 0.004473121 | 0.004472994 | 0.004472931 | 1.09838E-07 | 18.57291667 1
IMO 0.053696378 | 0.120502713 | 0.079143371 | 0.063231023 | 0.036134108 | 19.41666667 6
1000W/m> MPA 0.006666815 | 0.063920964 | 0.038634884 | 0.045316873 | 0.029206097 | 37.55208333 3
&75°C EO 0.022820145 | 0.028790142 | 0.024831671 | 0.022884726 | 0.003428289 | 60.94791667 4
WOA 0.032938865 | 0.381157138 | 0.15027263 | 0.036721887 | 0.199960795 | 36.59895833 5
PSO 0.184018831 | 0.315947118 | 0.260237725 | 0.280747228 | 0.0683136 18.296875 8
IPSO 0.079558793 | 0.079558793 | 0.079558793 | 0.079558793 | 7.14403E-17 | 18.390625 7
GBO 0.005605516 | 0.006966925 | 0.006319534 | 0.00638616 | 0.000683146 | 21.23958333 2
CGBO 0.005144489 | 0.008291355 | 0.006958443 | 0.007439485 | 0.001627649 | 20.19791667 1
IMO 0.092313844 | 0.105156104 | 0.099233653 | 0.100231009 | 0.006478962 | 19.32291667 5
1000W/m> MPA 0.07681453 | 0.100529791 | 0.089459057 | 0.09103285 | 0.011935704 | 39.109375 4
&25°C EO 0.053060861 | 0.057898072 | 0.054700862 | 0.053143654 | 0.002769174 | 64.19791667 3
WOA 0.10189212 | 0.15551717 | 0.12105611 | 0.105759042 | 0.029906717 | 37.91666667 6
PSO 0.112774207 | 0.268983675 | 0.194142006 | 0.200668137 | 0.078308954 | 19.53645833 8
IPSO 0.116270097 | 0.116270097 | 0.116270097 | 0.116270097 | 2.19427E-17 | 19.640625 7
GBO 0.009107025 | 0.010778707 | 0.010206402 | 0.010733475 | 0.000952357 | 20.03645833 2
CGBO 0.00555034 | 0.007750835 | 0.006885941 | 0.007356649 | 0.001173336 | 21.11979167 1
IMO 0.094461522 | 0.108495079 | 0.101618983 | 0.10190035 | 0.007021008 | 19.515625 6
800W/m? MPA 0.049472319 | 0.091393829 | 0.065612398 | 0.055971045 | 0.02256258 | 38.97395833 5
&25°C EO 0.049441869 | 0.082144029 | 0.062432577 | 0.055711834 | 0.017356098 | 65.11458333 4
WOA 0.096882729 | 0.108305834 | 0.103743104 | 0.106040751 | 0.006048241 | 37.31770833 7
PSO 0.21337664 | 0.237402716 | 0.226276025 | 0.228048719 | 0.012110735 | 19.33333333 8
IPSO 0.035641922 | 0.127252537 | 0.096715665 | 0.127252537 | 0.052891413 | 19.27083333 3
GBO 0.006222822 | 0.006672719 | 0.006497907 | 0.006598179 | 0.000241128 | 19.60416667 2
CGBO 0.005060282 | 0.006282261 | 0.005847229 | 0.006199143 | 0.000682782 | 21.22916667 1
IMO 0.066926288 | 0.082333624 | 0.073053771 | 0.069901401 | 0.008173101 19.375 5
600W/m? MPA 0.044243355 | 0.056843871 | 0.051303249 | 0.052822521 | 0.006436179 | 39.109375 4
&25°C EO 0.031858673 | 0.054729144 | 0.040138835 | 0.033828687 | 0.012673913 | 64.08854167 3
WOA 0.068755047 | 0.166632531 | 0.113084839 | 0.103866938 | 0.04958556 37.46875 6
PSO 0.149173709 | 0.195133261 | 0.176674004 | 0.185715042 | 0.024277054 | 19.27083333 8
IPSO 0.125402538 | 0.125402538 | 0.125402538 | 0.125402538 | 1.96262E-17 19.375 7
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TABLE 23. (Continued.) Statistical results of all algorithms for case study-4.

GBO 0.003831526 | 0.006551495 | 0.004893316 | 0.004296926 | 0.001454757 21.09375 2
CGBO 0.002765479 | 0.005338902 | 0.004111444 | 0.004229952 | 0.001290798 | 19.33854167 1
MO 0.063661904 | 0.08984142 | 0.074510679 | 0.070028712 | 0.013653124 19.125 5
400W/m> MPA 0.017366297 | 0.060785398 | 0.031902332 0.0175553 0.025013648 | 38.72395833 3
&25°C EO 0.017835253 | 0.01783533 | 0.017835279 | 0.017835253 | 4.42532E-08 | 64.83333333 4
WOA 0.066283597 | 0.089549545 | 0.075277875 | 0.070000484 | 0.012498569 | 37.11458333 6
PSO 0.059302017 | 0.066654955 | 0.063493439 | 0.064523345 | 0.003783114 | 19.07291667 8
IPSO 0.114302078 | 0.114302078 | 0.114302078 | 0.114302078 | 1.38778E-17 | 19.15104167 7
GBO 0.002161416 | 0.003240864 | 0.002529284 | 0.002185572 | 0.000616365 20.875 2
CGBO 0.001585565 | 0.002064613 | 0.001826568 | 0.001829526 | 0.000239538 | 19.52083333 1
MO 0.028716803 | 0.061901823 | 0.050262775 | 0.060169699 | 0.018679447 | 19.58854167 6
200W/m? MPA 0.007086216 | 0.026529571 | 0.015021362 | 0.011448299 | 0.01020226 38.265625 5
&25°C EO 0.006880321 | 0.00710741 | 0.007031712 | 0.007107405 | 0.000131108 | 63.39583333 3
WOA 0.048567526 | 0.05738547 | 0.054383347 | 0.057197045 | 0.00503753 | 37.02604167 7
PSO 0.024848117 | 0.033434935 | 0.028130441 | 0.026108271 | 0.004636835 | 18.89583333 8
IPSO 0.007078424 | 0.069382175 | 0.048614258 | 0.069382175 | 0.035971088 | 19.11979167 4
100 1000W/m? & 25 °C o0 1000W/m? & 40 °C 100 1000W/m? & 60 °C 1000W/m? & 25 °C
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FIGURE 18. Convergence curve of all algorithms for case study-5.

Table 26 and Table 27). Table 18 lists the optimized parame-
ters of the KC200GT PV module under different temperature
conditions by all selected algorithms. For all temperature con-
ditions, the GBO and the proposed CGBO algorithm obtains
less RMSE values, i.e., 1.1511E-03 (for 25°C), 3.7888E-
03 (for 40°C), and 3.7804E-03 (for 60°C) than all other
algorithms. Similarly, Table 19 lists the optimized parameters
under different irradiance conditions by all selected algo-
rithms. For all irradiance conditions, the proposed CGBO
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algorithm obtains less RMSE value, i.e., 1.1455E-03 (for
1000W/m?), 6.2858E-03 (for 800W/m?), 8.1329E-03 (for
600W/m?), 7.0761E-03 (for 400W/m?), and 5.2054E-03 (for
200W/m?) than all other algorithms. Like previous case stud-
ies, the PSO algorithm is searching for the solution outside the
boundary. Therefore, it is decided not to select the PSO algo-
rithm without a constraint handling mechanism for parameter
estimation problems. Figs. 12-13 demonstrates the accuracy
of fitting the estimated parameters with the experimental
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TABLE 24. Statistical results of all algorithms for case study-5.

Czlf;tiit'i‘fns Algorithm Min Max Mean Median STD RT Rank
GBO 0.001146 0.001402 0.001231 0.001146 0.000148 22.03125 2
CGBO 0.001251 0.003888 0.002295 0.001745 0.001402 20.22396 1
IMO 0.028736 0.036087 0.03355 0.035826 0.004171 19.69792 5
L000W/m? MPA 0.019186 0.037858 0.031113 0.036296 0.010359 39.83854 4
& 25°C EO 0.013948 0.035555 0.028353 0.035555 0.012475 64.36979 3
WOA 0.032145 0.062379 0.043954 0.037336 0.016167 39.33854 6
PSO 0.110598 0.135467 0.122545 0.12157 0.012463 19.20313 8
IPSO 0.047816 0.047816 0.047816 0.047816 491E-18 19.3125 7
GBO 0.003789 0.004242 0.003962 0.003855 0.000245 20.39583 2
CGBO 0.003789 0.003789 0.003789 0.003789 1.41E-08 18.47917 1
IMO 0.009862 0.034087 0.025455 0.032417 0.01353 18.08333 4
1000W/m? MPA 0.006396 0.03333 0.015692 0.007351 0.015282 37.20313 3
& 40°C EO 0.011069 0.037672 0.021183 0.014807 0.014402 60.06771 5
WOA 0.038414 0.059279 0.047238 0.04402 0.010798 36.5 6
PSO 0.048641 0.136163 0.09278 0.093536 0.043766 17.96875 8
IPSO 0.03481 0.03481 0.03481 0.03481 4.47E-17 18.94271 7
GBO 0.00378 0.00378 0.00378 0.00378 4.93E-14 20.21875 2
CGBO 0.00378 0.00378 0.00378 0.00378 5.33E-08 18.26563 1
IMO 0.011094 0.022232 0.014993 0.011653 0.006275 17.82292 5
1000W/m? MPA 0.01456 0.019711 0.017915 0.019475 0.002908 36.00521 6
& 60°C EO 0.005984 0.007069 0.006495 0.006431 0.000545 59.20313 3
WOA 0.010414 0.018127 0.014388 0.014622 0.003862 36.10938 4
PSO 0.093246 0.133077 0.112346 0.110716 0.019965 17.67188 8
IPSO 0.021568 0.021568 0.021568 0.021568 6.82E-17 17.80208 7
GBO 0.001386 0.005033 0.002609 0.001408 0.0021 20.11458 2
CGBO 0.001146 0.002453 0.001582 0.001147 0.000754 19.25 1
IMO 0.035626 0.04268 0.039529 0.040281 0.003587 18.19792 6
1000W/m? MPA 0.011948 0.035081 0.021919 0.018729 0.011892 37.09375 4
&25°C EO 0.011482 0.014938 0.013696 0.014669 0.001923 60.75521 3
WOA 0.033802 0.044525 0.040571 0.043386 0.00589 36.73438 5
PSO 0.060542 0.121688 0.098409 0.112998 0.033081 18.36979 8
IPSO 0.047816 0.047816 0.047816 0.047816 6.94E-18 18.5 7
GBO 0.000695 0.00297 0.001437 0.000673 0.001327 20.50521 2
CGBO 0.000669 0.00167 0.001066 0.000834 0.000528 18.53125 1
IMO 0.013719 0.039031 0.027604 0.030062 0.012833 18.17188 6
S00W/m? MPA 0.006901 0.016884 0.01257 0.013925 0.005127 36.375 3
&25°C EO 0.008317 0.012831 0.009955 0.008715 0.002499 59.96354 4
WOA 0.009617 0.059781 0.030551 0.022255 0.026091 36.45313 5
PSO 0.057836 0.075206 0.065431 0.063252 0.008888 18.07813 8
IPSO 0.050084 0.050084 0.050084 0.050084 1.77E-17 19.10417 7
GBO 0.000843 0.001262 0.001013 0.000933 0.00022 19.80208 2
CGBO 0.000824 0.001042 0.000897 0.000824 0.000126 18.16667 1
6£°;Z /O“C’Z IMO 0.008008 0.033861 0.021869 0.023738 0.013027 17.97396 3
MPA 0.015851 0.01749 0.016438 0.015973 0.000913 36.26563 5
EO 0.009645 0.010041 0.009875 0.009938 0.000206 59.91146 4
WOA 0.020428 0.073122 0.04454 0.040071 0.02663 36.26563 6
PSO 0.042854 0.066427 0.057351 0.06277 0.012687 18.02083 8
IPSO 0.049929 0.049929 0.049929 0.049929 491E-18 17.98438 7

62372 VOLUME 9, 2021



M. Premkumar et al.: Identification of Solar PV Model Parameters Using an Improved Gradient-Based Optimization Algorithm

IEEE Access

TABLE 24. (Continued.) Statistical results of all algorithms for case study-5.

GBO 0.000708 0.000781 0.000732 0.000708 4.21E-05 19.78646 2
CGBO 0.000708 0.00071 0.000709 0.000709 7.13E-07 18.3125 1
IMO 0.012773 0.026249 0.019061 0.018161 0.006783 17.97396 5
400W/m? MPA 0.007109 0.016318 0.012924 0.015344 0.005059 36.26042 4
&25°C EO 0.003294 0.003323 0.003305 0.003298 1.56E-05 59.24479 3
WOA 0.026033 0.03236 0.029726 0.030787 0.003294 36.77604 6
PSO 0.016134 0.027311 0.022602 0.02436 0.005792 18.92708 8
IPSO 0.033922 0.033922 0.033922 0.033922 1.77E-17 19.26042 7
GBO 0.000521 0.000521 0.000521 0.000521 5.66E-08 20.26563 2
CGBO 0.000521 0.000522 0.000521 0.000521 9.14E-07 18.72917 1
IMO 0.010784 0.015629 0.013323 0.013554 0.002431 18.02083 5
200W/m> MPA 0.005566 0.010033 0.00768 0.007441 0.002243 36.38542 4
&25°C EO 0.000809 0.000922 0.000875 0.000892 5.85E-05 61.54688 3
WOA 0.013114 0.014804 0.014126 0.01446 0.000893 37.40104 6
PSO 0.005243 0.011095 0.007698 0.006757 0.003037 18.26042 8
IPSO 0.0185 0.0185 0.0185 0.0185 4.91E-18 18.03646 7
TABLE 25. A brief comparison of various algorithms using specific parameters.
NS‘; Algorithm Ref. Control Variables Benchmark functions Remarks
. . N=50, ,,,x=200, Six unconstrained | First evolutionary
! Genetic Algorithm (GA) [18] P~=0.95, P,,=0.001 problems computation algorithm
. S N =50, 1,,,=500,
5 Particle Swarm Optimization [20] Wa=0.9. Wen=0.6. ¢; Unconstrained problems Tested for many real-
(PSO) 7 world problems
and ¢,=2
. . . N=40, m,,,,=200, Eight unconstrained | Tested for real-world
3 Differential Evolutionary (DE) [25] P02 problems constrained problems
. . _ _ CEC2005 special session | Tested for constrained
4 Grey Wolf Optimizer (GWO) [31] N=30, n,,,=500, a=2 test functions real-world problems
Whale Optimizer Algorithm N=30, m,,;,=500, . Tested for constrained
5 (WOA) [32] a=[2.0] CEC2006 test functions real-world problems
6 Salp Swarm Algorithm (SSA) [34] N=30, 1,,,,=500 CEC2017 test functions Testt?d .for. single ~and
multi-objective problems
Teaching-Learning - _ CEC2005 benchmark test | Real-world problems are
! Optimization (TLBO) [38] N=100, =500 functions not tested
3 JAYA 35] N=100, 1,,,=500 CEC2'006 benchmark test | Real-world problems are
functions not tested
Marine Predator Algorithm N=30, m,,;,=500, P=0.5, . Tested for 3 constrained
9 (MPA) [46] 0.1 CEC2017 test functions RW problems
. .. N=30, m,,,=500, GP= CEC2017 test functions | Tested for constrained
10 Equilibrium Optimizer (EO) [47] 0.5 including real-world problems
. Tested for Knapsack
11 Inte.lhg‘ent‘ Water-drop [48] N=50, 1,,,,=500 Not tested problem and travelling
Optimization (IWO)
salesman problem
12 RAO [69] N=100, 11,,,=500 CEC2_OO6 benchmark test | Real-world problems are
functions not tested

parameters under different temperatures (with constant irra-
diance) and different irradiance (with constant temperature),
which proves further the effectiveness of the proposed CGBO
algorithm. Therefore, based on RMSE values and the I-V
curve fitness, it is proved that the proposed CGBO algorithm
is superior to all selected algorithms. Next to the CGBO algo-
rithm, the basic variant of the GBO algorithm is performing
better than all other algorithms.
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E. PERFORMANCE ANALYSIS

The performance of the proposed CGBO algorithm is fur-
ther verified by analyzing the statistical data for the first
three case studies. The statistical data, such as Min, Max,
Mean, Median, STD, and RT, are obtained for all selected
algorithms. The statistical data based on mean RMSE values
are compared with other selected algorithms, and the rank is
provided based on minimum RMSE values.

62373



IEEE Access

M. Premkumar et al.: Identification of Solar PV Model Parameters Using an Improved Gradient-Based Optimization Algorithm

TABLE 26. SM55 - experimental data - different irradiance at constant temperature.

200 W/m’ 400 W/m’ 600 W/m’ 800 W/m’ 1000 W/m*

A% 1 A% 1 A | A% | A% 1
0.00 0.69 0.00 1.38 0.00 2.07 0.00 2.76 0.00 3.45
0.66 0.69 0.50 1.38 0.65 2.07 0.51 2.76 0.70 3.45
1.35 0.69 1.05 1.38 1.13 2.07 1.04 2.76 1.41 3.45
2.17 0.68 1.78 1.38 1.74 2.07 1.58 2.75 1.94 345
2.95 0.68 2.58 1.37 2.40 2.06 2.17 2.75 2.50 3.45
3.66 0.68 3.24 1.37 3.24 2.06 2.90 2.75 3.08 3.44
4.42 0.67 3.86 1.37 3.85 2.06 3.52 2.75 4.47 3.44
5.10 0.67 4.50 1.36 426 2.06 4.24 2.75 5.02 3.44
5.67 0.67 5.24 1.36 4.74 2.06 4.81 2.75 6.13 3.44
6.24 0.67 5.98 1.36 5.26 2.06 5.39 2.75 7.26 3.44
6.68 0.67 6.81 1.36 5.79 2.06 6.20 2.74 8.30 3.44
7.07 0.67 7.40 1.36 6.32 2.05 6.85 2.74 8.87 343
7.54 0.67 8.09 1.35 6.78 2.05 7.54 2.74 9.44 3.43
8.03 0.66 8.60 1.36 7.40 2.05 8.26 2.75 10.00 3.43
8.55 0.66 9.25 135 7.95 2.05 9.10 2.74 10.57 3.43
9.07 0.66 9.89 1.35 8.61 2.05 9.77 2.74 11.72 3.43
9.67 0.66 10.58 1.35 9.22 2.05 10.39 2.74 12.58 3.43
10.17 0.66 11.29 1.35 9.77 2.05 11.20 2.74 12.94 3.43
10.65 0.66 12.06 1.34 10.29 2.04 11.93 2.74 13.80 3.41
11.20 0.65 12.74 135 10.82 2.04 12.31 2.73 14.21 3.41
11.71 0.65 13.44 135 11.29 2.04 12.72 2.73 14.67 3.39
12.12 0.65 14.13 1.34 11.86 2.04 13.07 2.73 15.12 3.38
12.63 0.65 14.69 1.33 12.40 2.04 13.46 2.73 16.35 3.30
13.10 0.65 15.00 1.33 12.90 2.04 14.26 271 16.72 3.27
13.61 0.65 15.39 1.32 13.67 2.03 15.07 2.69 17.79 3.08
14.12 0.65 15.80 1.30 14.36 2.03 15.76 2.67 18.34 2.91
14.76 0.64 16.18 1.29 14.99 2.01 16.63 2.61 18.77 2.73
15.33 0.64 16.51 1.27 15.75 1.99 17.10 2.56 19.02 2.58
15.94 0.62 17.16 1.23 16.14 1.97 17.72 2.46 19.44 2.28
16.20 0.61 17.76 1.16 16.50 1.95 18.16 236 19.68 2.06
16.73 0.59 18.03 1.12 17.15 1.89 18.60 221 19.86 1.92
17.20 0.55 18.55 1.00 17.75 1.81 19.08 1.97 20.06 1.72
17.70 0.51 18.98 0.86 18.56 1.61 19.53 1.66 20.66 1.13
18.16 0.45 19.56 0.59 19.51 1.15 20.01 1.29 20.85 0.92
18.73 0.33 20.08 0.28 20.16 0.70 20.58 0.80 21.62 0.00
19.69 0.00 20.52 0.00 21.02 0.00 21.33 0.00 - -

For case study-1, all the statistical data are listed
in Table 20. From Table 20, it is observed that both GBO and
CGBO algorithms produce the same RMSE values; however,
the rank is provided based on the STD and RT values. Out of
eight algorithms, the IMO algorithm holds the first position
in terms of RT, followed by IPSO, PSO, CGBO, GBO, WOA,
MPA, and EO. However, based on reliability (minimum STD)
and Min values, the proposed CGBO holds the first position,
followed by GBO, EO, IMO, MPA, IPSO, PSO. To visualize
the convergence behavior of all algorithms, the convergence
curves for SDeM and DDeM are illustrated in Fig. 14. From
Fig. 14, it is observed that the convergence speed of the
proposed CGBO algorithm is high compared to all other
algorithms.

For case study-2, all the statistical data are listed
in Table 21. Out of eight algorithms, the IPSO algorithm holds
the first position in terms of RT, followed by PSO, IMO,
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CGBO, GBO, MPA, WOA, and EO. However, based on reli-
ability (minimum STD) and Min values, the proposed CGBO
holds the first position, followed by GBO, MPA, WOA, EO,
IMO, PSO, and IPSO. Both PSO and IPSO fail to find the
global optima as per the earlier discussions. To visualize
the convergence behavior of all algorithms for case study-2,
the convergence curves for SDeM and DDeM are illustrated
in Fig. 15. From Fig. 15, it is observed that the convergence
speed of the proposed CGBO algorithm is high compared to
all other algorithms.

For case study-3, all the statistical data are listed in Table
22. Out of eight algorithms, the IMO algorithm holds the
first position in terms of RT, followed by IPSO, PSO,
CGBO, GBO, WOA, MPA, and EO. However, based on
reliability (minimum STD) and Min values, the proposed
CGBO holds the first position, followed by GBO, EO, MPA,
WOA, IMO, TIPSO, and PSO. To visualize the convergence
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TABLE 27. SM55 - experimental data - different temperature at constant irradiance.

20°C 40°C 60°C

v 1 v 1 v 1
0.00 3.45 0.00 3.47 0.00 3.50
11.84 3.45 10.83 3.47 10.18 3.48
12.51 3.45 11.89 3.45 10.51 3.48
13.03 3.44 12.13 3.45 10.78 3.48
13.49 3.43 12.62 3.44 11.24 3.47
14.00 3.43 13.16 3.43 11.73 3.45
14.46 3.42 13.52 3.42 12.16 3.43
14.98 3.41 14.03 3.40 12.54 3.41
15.60 3.39 14.49 3.36 13.14 3.36
16.02 3.36 15.10 3.31 13.71 3.30
16.64 332 15.49 3.27 14.19 3.23
17.09 3.28 16.04 3.19 14.79 3.11
17.60 3.21 16.58 3.08 15.17 3.01
18.11 3.12 17.07 2.94 15.70 2.85
18.54 3.00 17.53 2.77 16.20 2.62
19.04 2.82 18.01 2.52 16.75 2.30
19.48 2.60 18.51 2.15 17.28 1.88
20.11 2.12 19.01 1.73 17.77 1.45
20.56 1.72 19.53 1.25 18.26 0.98
21.03 1.28 20.02 0.72 18.76 0.43
21.50 0.79 20.50 0.16 19.10 0.00
22.02 0.17 20.61 0.00 B -
22.16 0.00 - - B -

behavior of all algorithms for case study - 3, the convergence
curves for SDeM and DDeM are illustrated in Fig. 16. From
Fig. 16, it is observed that the convergence speed of the
proposed CGBO algorithm is high compared to all other
algorithms.

For case study—4, all the statistical data are listed
in Table 23. Out of eight algorithms, the IMO algorithm holds
the first position in terms of RT, followed by PSO, IPSO,
CGBO, GBO, WOA, MPA, and EO. However, based on reli-
ability (minimum STD) and Min values, the proposed CGBO
holds the first position, followed by GBO, EO, IMO, WOA,
MPA, TIPSO, and PSO. To visualize the convergence behavior
of all algorithms for case study - 4, the convergence curves for
testing conditions are illustrated in Fig. 17. From Fig. 17, it is
observed that the convergence speed of the proposed CGBO
algorithm is high compared to all other algorithms.

For case study-3, all the statistical data are listed in Table
24. Out of eight algorithms, the IMO algorithm holds the first
position in terms of RT, followed by PSO, IPSO, CGBO,
GBO, WOA, MPA, and EO. However, based on reliability
(minimum STD) and Min values, the proposed CGBO holds
the first position, followed by GBO, EO, MPA, IMO, WOA,
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IPSO, and PSO. To visualize the convergence behavior of
all algorithms for case study-5, the convergence curves for
testing conditions are illustrated in Fig. 18. From Fig. 18, itis
observed that the convergence speed of the proposed CGBO
algorithm is high compared to all other algorithms.

As per the discussions, the proposed CGBO is superior to
all other algorithms in identifying the best unknown param-
eters of the SDeM, DDeM, and PV module models. From
the experimental findings, statistical analysis, and the per-
formance comparison with other selected algorithms, it is
concluded that the proposed CGBO algorithm can obtain
the parameters of various PV models, including commer-
cial modules. Based on the performance measures, including
Min, Mean, Max, Mean, STD, RT, and rank, the effective-
ness of the proposed CGBO algorithm is proved. Utiliz-
ing the chaotic map with the GBO algorithm benefits the
CGBO algorithm to obtain excellent results due to the robust
exploitation and exploration capabilities.

V. CONCLUSION
This paper proposes a tent chaotic map-based GBO to
improve the solution accuracy and speed up the convergence
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rate of GBO while analyzing the photovoltaic model parame-
ter identification optimization problem. CGBO, an improved
variant of GBO, has a simple structure and is straightfor-
ward to execute. The efficiency of CGBO is thoroughly
assessed by comparing it to the original GBO as well as the
other six state-of-the-art algorithms. Experiments on various
photovoltaic models under different environmental condi-
tions show that the proposed CGBO can produce noticeably
excellent performance than all other selected algorithms in
terms of solution accuracy and convergence speed. More pre-
cisely, the proposed CGBO can achieve lower RMSE values,
lower STD values, and quick convergence, thereby placing
first among all other selected algorithms. In addition, the I-V
characteristics generated by the proposed CGBO algorithm
are very similar to the experimental samples. To summarize,
the proposed CGBO algorithm extracts more precise and
stable parameters with a quicker convergence speed, making
it a promising solution to parameter estimation problems.
This study also introduces several opportunities for many
other similar problems that require a highly competitive opti-
mization technique. The suggested CGBO algorithm is not
just an effective method for identifying the parameters of
photovoltaic models, but it is also being developed for use and
evaluation in identifying an effective solution to other engi-
neering problems, such as information fusion, deep learning,
machine learning, multipath routing, feature selection, image
processing, image retrieval algorithm, social evolution mod-
eling, wireless sensor networks, water pollution prediction,
and disease diagnosis. In the future, the proposed CGBO
algorithm is expected to apply in discrete optimization, indus-
trial optimization problems, and it can also be applied to
parameter optimization in renewable energy systems.
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