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Abstract

The simulation, assessment, and harvesting of maximum energy of the solar photovoltaic (PV) system require accurate and
fast parameter estimation for solar cell/module models. No complete information on the PV module parameters is provided
in the manufacturer’s datasheets. This leads to a nonlinear PV model with a number of unknown parameters. Recently, a
new meta-heuristic algorithm called equilibrium optimizer (EO) is suggested to solve global problems. However, the EO
is trapped to local optima when it is applied to real-world problems. Therefore, this paper proposes a novel and efficient
algorithm called opposition-based equilibrium optimization (OBEO) for extracting the parameters of various PV models,
including the single-diode model (SDM), double-diode model (DDM), and three-diode model (TDM). This paper presents
opposition-based learning as an update mechanism to produce the best solutions to find better search space. In this paper,
the PV module parameters are extracted using three distinct points: open-circuit voltage, V., short-circuit current, /., and
the point at which maximum power in the I-V curve is provided by the datasheet. The proposed OBEO algorithm minimizes
the error of the I-V relationship, and the OBEO algorithm helps to find the optimal solution by generating zero error, and
the search agent updates the position randomly with respect to the best solution to reach the optimal state. The proposed
algorithm optimizes the parameters of the module without any assumptions. Finally, the proposed method of extracting the
parameter is compared with the state-of-the-art methods to validate its performance. The proposed OBEO can achieve zero
error values (fitness values) for all PV models, and the average runtime of the OBEO is 14.78 s, 28.33 s, and 32.62 s for
SDM, DDM, and TDM, respectively, of all selected PV modules.
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1 Introduction

Many attempts have been made to speed up the change of
energy infrastructure and increase the research on renewable
energy to address environmental pollution and the growing
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energy shortage. Solar PV is considered the most feasible
candidate among various renewable energy technologies
for meeting growing energy requirements. For the eighth
year now, creative investment in renewable energy has
increased the majority of solar energy [1]. The PV modules
with higher efficiency and lower price are released to the
market, powered by government support and the competi-
tion between PV manufacturers. The cumulative installed
annual solar capacity by the end of 2017 reached 98 GW
with projections of 162 GW by 2021 [2, 3]. PV technol-
ogy advances attracted significant attention in assessing,
simulating, and harvesting maximum power for PV systems
[4-6]. The I-V characteristic is a nonlinear relationship that
is highly influenced by variation in temperature and solar
insolation; however, it means that PV modelling is a chal-
lenging problem. In recent decades, various PV equivalent
circuit models are used to represent the PV cell/module.
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However, three parameter-equivalent circuit models are
used frequently by the researchers, such as SDM, DDM, and
TDM, despite the different models designed to describe the
behaviour of solar cells/modules [3—-7]. The SDM is the most
preferred model due to its simplicity; however, this model
is inaccurate because it lacks accuracy at low-irradiance,
with open-circuit voltage ignored carriage recombination
losses in the depletion region [7, 8]. To solve this problem,
the DDM is introduced. An extra diode suggests the recom-
bination losses. The model with double-diode showed more
accuracy, but this is due to a more complex model with more
unknowns; the previous unknowns are complemented by an
additional diode saturation current and its ideality factor for
the other diode.

A better model with three diodes addressing the effects
of grain limits and leakage currents is presented [9]. Despite
the model’s ability to meet the majority of the physical needs
of the solar cell, nine parameters are calculated [10]. There-
fore, there are five unknown parameters in SDM, such as the
photocurrent, Ip, the diode saturation current, /;, the diode
ideality factor, n, the series resistance, R, and the shunt
resistance, Rp, seven unknown parameters in DDM, such
as Ip’ 141, 14, 1y, 1y, Ry, RP and nine parameters in TDM,
such as Ip, 141, 1y, 143 1y, 1y, 13, R, Rp have to be precisely
determined. The exact information of these unknown param-
eters is essential not only for the PV module performance
assessment but also for maximum power point tracking
(MPPT) in PV systems [11-15]. Regrettably, the SDM,
DDM, and TDM are implicitly transcendental equations and
lack explicit insolubility with general functions [16]. This
implicit character not only affects the estimation of the solar
cell/module parameters [17] but also the simulation of the
PV system. Briefly, all PV models are described as follows.
The SDM is very simple to adopt but results in inaccurate
results. The ideal factors of n; and n, for the DDM are 1 and
2, respectively; however, for commercial models with a scale
of about 154.8 cm? and an efficiency of about 16%, n, was
reported to be between 1 and 1.5, and n, was reported to be
between 2 and 5 [18]. These results showed that the DDM
was insufficient to adequately reflect various current com-
ponents of the experimental solar cells. The diode current
(I4) is contributed by the first diode in the TDM model due
to diffusion and recombination in the quasi-neutral regions
of the emitter and bulk regions with n; =1, and the diode
current (I4,) is contributed by recombination in the space
charge area with n, =2. The addition of a third diode in par-
allel with the two diodes accounts for the diode current (/;3)
affected by recombination in defect areas, grain sites, and
other factors. The third diode’s ideality factor, n;, must be
calculated along with the model’s other parameters and is
expected to range between 2 and 5 [18, 19]. Therefore, it is
essential to develop a reliable and effective way of extracting
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the parameters accurately from the experimental data or the
datasheet details of solar cells/modules.

Numerous literature techniques have been developed to
determine the model parameters of SDM, DDM, and TDM.
These approaches may typically be categorized as numeri-
cal methods and analytical methods. In addition to sufficient
simplification norms, analytical methods rely on the preci-
sion of some I~V curve distinct points, i.e. V., I, maximum
power point, and gradients at the intersection axis. Thus,
analytical approaches choose the points chosen to generalize
every I-V data measured. When the selection of the point
is wrongly assigned, there may be very significant errors in
the extracted parameters. Therefore, research methods are
usually unpredictable and, in most situations, yield unsat-
isfactory results. Alternatively, numerical approaches find
all experimental /-V data to extract the cell/module param-
eters at a higher degree of assurance. Therefore, numeri-
cal approaches have successfully resolved the cell/module
parameter estimation problem using computer science and
mathematics advances. Different deterministic methodolo-
gies [20-22], evolutionary algorithms [23-27], and evolu-
tionary bionics [28—37] have been used for these past years.
However, deterministic approaches are susceptible and vul-
nerable to local minima trapping of initial values. While
evolutionary algorithms offer greater precision and improved
efficiency, and its effectiveness relies on the correct adjust-
ment of control parameters. Every wrong selection would
lead to the premature end of iterations and slow convergence
speed. Searches continue, thus, for accurate and effective
numerical algorithms to solve the solar cell parameter esti-
mation problems.

The strategies of swarm intelligence mimic creatures
that live in natural communities. Such strategies emulate
the groups of creatures to their own primary objective of sur-
vival [36] through a traditional problem-solving approach. In
recent times, the most complex, multi-variant problems have
been solved by meta-heuristic techniques. Many of the meta-
heuristic techniques that have been developed have been
applied in relation to the PV parameter extraction problem,
namely particle swarm algorithm (PSO) [23], flower pollina-
tion algorithms (FPA) [34], cuckoo search (CS) [36], whale
optimization algorithm (WOA) [38], fireworks algorithm
[39], salp swarm algorithm [40], multiverse optimizer [41],
grey wolf optimization (GWO) [42], ant lion optimization
(ALO) [43], Harris hawk optimization [44], Rao algorithm
[45], slime mould algorithm [46], and hybrid techniques,
such as PSOGWO [47], GWOCS [48], Jaya algorithm and
its variants [49], Marine predator algorithm [19], and Coyote
optimization [50]. Each algorithm is different in approach,
and each algorithm is ranked based on the accuracy of the
extracted parameters, computation time, and computational
complexity.
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In 2020, a new meta-heuristic technique inspired by phys-
ics was developed, known as the equilibrium optimization
(EO) algorithm [51]. The EO is a recently developed meta-
heuristic algorithm based on a mass-volume balance model.
The EO proved its performance in handling the single-
objective benchmark functions and real-time applications,
such as pressure vessel, gear-train problem, economic load
dispatch, optimal power flow problem, feature selection, and
truss design, including solar parameter estimation problem
[52-56]. The EO algorithm proved its better performance
over other well-known algorithms, such as GWO, PSO,
FPA, WOA, ant lion optimizer, Harris hawks optimizer, and
slime mould algorithm. However, the EO algorithm is stuck
at local optima when the problem dimension is increased.
This motivates the authors to focus on the EO algorithm
to improve its performance. Opposition-based learning
(OBL) was applied to improve the solution accuracy. OBL
is a recently developed approach for speeding up the search
for well computational intelligence techniques, including
fuzzy logic systems, reinforcement learning, artificial neu-
ral networks, and swarm and evolutionary algorithms. By
concurrently observing the actual candidate solution and its
opposite, it is possible to increase the exploration capability
using the OBL. Based on this statement from the literature,
the OBL scheme is used in this paper to improve the solu-
tion accuracy. OBL considers the individual candidate solu-
tion and generates the opposite location in the search space.
OBL checks whether the opposite function or the candidate
solution has the optimal solution of the respective objective
function. The OBL is utilized in the initialization phase and
update phase to increase the solution. This paper utilizes
a new algorithm called OBEO to extract the PV module
parameters, and it is based on dynamic source and sink
models based on physics used to approximate equilibrium
states. EO is in the third class of meta-heuristic algorithms
as it originates like physical laws. The performance of the
proposed EO algorithm is compared with the state-of-the-art
techniques, such as GWO, EO, ALO, WOA, PSOGWO, and
GWOCS algorithms. This paper contains major contribu-
tions as follows.

e Evolution of an error function based on the information
from the datasheet provided by the manufacturers

e The proposed OBEO algorithm is utilized for the PV
models, such as SDM, DDM, and TDM of three com-
mercial PV modules, such as Adani ASB-7-355, Adani
ASM-7-PERC-365, and Tata TP280.

e OBEO algorithm optimizes the evolved error function for
different commercial and non-commercial PV modules,
and the optimal parameters are obtained from 20 indi-
vidual runs

e The obtained statistical results are compared with the
state-of-the-art algorithms. Also, the Friedman rank test
(FRT) is carried out to rank the algorithms

The rest of the paper is structured accordingly. Sec-
tion 2 of the paper analyses the PV models, such as SDM,
DDM, and TDM, and defines the error function for esti-
mating the solar photovoltaic module parameters. Section 3
provides a brief overview of the EO algorithm, proposed
OBEO algorithm, and explains how the OBEO algorithm
is implemented for the parameter estimation problem. Sec-
tion 4 describes the findings of the experiment, a systematic
review, and comparisons. Section 5 concludes the paper with
the final remarks.

2 Modelling of the PV module and problem
formulation

The solar cell/module can be viewed from the physical per-
spective as a large-scale diode exposed to the sun [57-60].
For decades, the equivalent circuits based on the Shockley-
diode were, therefore, the standard way of describing the
electrical behaviour of solar cells/modules. An ideal solar
cell is represented by a current source in parallel with an
ideal diode in theory. But since, in reality, no solar cell is
ideal, this optimal model is substantially different from
real I-V characteristics. Being rational, it is important to
take into consideration non-ideal behaviours like parallel
parasitic losses, series parasitic loss, and several conduction
phenomena for the accurate models of solar cells. The three
most common models in the literature are the SDM, DDM,
and TDM models listed below.

2.1 Photovoltaic module modelling
2.1.1 Single-diode model

Several photovoltaic cells in series (N,) or parallel (N,,) form
a PV module. The series-connected cells were taken into

T
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Fig. 1 Equivalent circuit of the SDM for PV module
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account in this paper because they produce a high output
voltage. The PV module’s equivalent circuit is addressed
in this subsection by considering a single-diode with serial
photovoltaic cells [26-28]. Figure 1 illustrates the PV mod-
ule’s equivalent circuit of the SDM.

The modelling initially starts with the photovoltaic cell
and is then extended to the module. As discussed earlier,
the photovoltaic cell is pictorially represented by a single
current source, i.e. photocurrent, /,, parallel with a single-
diode, as depicted in Fig. 1. This photocurrent depends on
solar irradiation. The ohmic losses are denoted by the R
and R, and 1, denotes the diode’s reverse saturation current.
The express1on for the total current of the PV module, 1
is derived as follows.

Vo + IR Vo, + 1R
Ly=1-1 [exp{—q( n S)}—ll ot hpRy)

nkTN, R
o))

p
where g represents the electron charge and is equal to
1.60217646 % 10~ C, k represents the Boltzmann constant
and is equal to 1.3806503 x 107> J/K, the absolute cell
temperature is represented by 7, and the PV module output
voltage is denoted as V,,,. To analyse further, the operat-
ing cases, such as open-circuit, short-circuit, and maximum
power output is considered, and Eq. 1 is rewritten as follows.

Case 1—Short-circuit During this case, the value of va is
equal to zero, and the value of I, is equal to /.. By substitut-
ing these settings in Eq. 1, the equation for the photocurrent
is derived as follows.

> fpv?

qRSISC RSISC
I.=1 —Id[exp{ } 1]—— 2)
s P nkTNj R,

qRSISC RSISC
Ip =[,.+1 [exp { WK, } l] + _Rp 3)

Case 2—Open-circuit During this case, the value of V,,,
is equal to V., and the value of I, is equal to zero. By
substituting these settings in Eq. 1, the equation for the pho-

tocurrent is further derived as follows.

quc Voc
0=Ip_1d exp nk—m -1 —R—p (4)
I =1 qVOC 1] + Voc
] R P R, )

The equation for the reverse saturation current of the
diode, I, is obtained by solving both Eqs. 3 and 5.

@ Springer

\% R,
I = Lo stse
R + R

sC

_ P P
Iy = aVee | _ qR I, ©
CXP\ €XP \
The equation for the photocurrent is derived by substitut-
ing Eq. 6 in Eq. 5.

-t oo} 1]

I, = +— @)
p
Voo | _ R R
exp { kTN, } exp { nkTN } P
Case 3—Maximum power point During this case, the
value of the V,, is equal to V,, ., and the value of the 1, is
equal to /.. The output current of the PV module during

maximum power operating conditions is derived by substi-
tuting these settings in Eq. 1.

Impp — Ip _ Id [exp { (VmPP + ImPPRS> } _ 1:| (Vmpp + ImPPR\)

nkTN, R
®)

p

2.1.2 Double-diode model

The corresponding DDM equivalent circuit, as shown in
Fig. 2, in which the diode D, simulates diffusion processes
in the depletion layer of minority carriers, while the diode
D, reflects the recombination of the carriers in the junction
area for the space charge region [12, 30-32]. As a result, I,
and I, represent current components in the diffusion and
recombination, respectively. The resistances, like R, and R,
are similar to those of the SDM. The diode ideality factors
are represented as n; and n,. The expression for the total

current of the PV module, Ipv, is derived as follows.

q(Vpy +IR)
_ pvits
Ipv _Ip _Idl lexp {n]k—m} - 1]

q(Vyy +1,R,) (Vioy + 1,R,)
_Id2 exp W —1 R—

P

€))

‘_—_—f

Fig.2 Equivalent circuit of the DDM for PV module



Journal of Computational Electronics (2021) 20:1560-1587

1564

The photocurrent equation is derived in three operating
conditions as similar to the SDM of the PV module. During
case-1, substitute V,,, =0 and I, =/ in Eq. 9, and the equa-
tion for the photocurrent is obtained as follows.

qRgl;. qRsl;. Rl
I, =1.+1 — = 1|+ —_— = 1|+ —
p = he Tl [eXp { m kTN, a2 | P kT, R,
(10)

During case-2, substitute V,, =V, and I,,=0in Eq. 9,
and the photocurrent equation is written as follows.

I — I qVOC 1 +I qVOC 1 + VOC
P = | P RN, & | P\ kTN, R,
Y

The equation for the reverse saturation current of the

diode, I4,, is derived by solving Eq. 10 and Eq. 11 and is
written as follows.

Ve qVoc _ qulsc RSISC
Isc Id [ p{nkTN } eXp{”lkTNs}] + R

P

lo, = TSR Ty
exp ny kTN exp ny kTN
(12)

The photocurrent equation is obtained by substituting
Eq. 12 in Eq. 11 and is written as follows.

Voc
I =I — > =1
= (i } - ]

Ve qVye qR 1. I
Io—Ye _ 1 fex e | _ ex
R, d, |SXP n, kTN, p n, kTN, + R,

VOC

+ —_—
P (13)
During case-3, substitute V,, =V, and [, =1, in

Eq. 9, and the equation for the total current of the PV mod-
ule is written as follows.

PY

Fig.3 Equivalent circuit of the TDM for PV module

(Vmpp + ImPPRS)
Impp =Ip - Idl lexp { W -1
s
4(Viupp + TppRs)
-1, lexp { —pkaNpp : } - 1]
n, s

(VmPP + ImPPRS>

R, (14)

2.1.3 Three-diode model

Nevertheless, in the three-diode model, the current source
is connected parallel to three diodes, as shown in Fig. 3 [14,
49, 50, 60]. The current components of the diodes, such as
Ipy, Iy, and I3, due to the diffusion processes in the deple-
tion layer of minority carriers, space charge recombination,
and defect region recombination, respectively. The reverse
saturation current of the diodes is represented as Iy, /4,
and /43, and its respective ideality factors are represented as
ny, ny, and ny. The values of n; and n, are varied between
1 and 2, and the value of n; is varied between 2 and 5. The
resistances similar to the SDM and DDM are identical, such
as R, and R,. The expression for the total current of the PV

module, Ipv, is derived as follows.

q(Voy + IRy) q(Vpy +I,R,)
IpV:[p—Id][exp{W -1 —Iﬂ12 exp W -1

; q(Vyy +I\R,) | (v +1,R))
Ty | %P 1okTN, N R

P

s5)

The photocurrent equation is derived in three operating
conditions as similar to the SDM of the PV module. During
case-1, substitute V,,, =0 and [, =1 in Eq. 15, and the equa-
tion for the photocurrent is obtained as follows.

qRSISC qRSISC
L=l +1 A% L | 4 e |y
P 5 4 [exp { nlkTNS } ] & [e p{ ZkTNS
qR§ISC RSISC
+1 Bise U | 4 D
d [eXp { kTN, R,

During case-2, substitute V,,, =V, and I,, =0 in Eq. 15,
and the photocurrent equation is written as follows.

AL AL
I, =I — -1 1 — -1
P [exp { ny kTN } ] e [exp { kTN
Ve V.
+1g, [exp{ o } - 1] —=
n3kTN Rp (17)
The equation for the reverse saturation current of the

diode, I,, is derived by solving Eqs. 16 and 17 and is writ-
ten as follows.

16)
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I+ -
I, =
4 ex Ve —ex qRI
P n3 kTN, p n3 kTN,

9Voc

kTN, } —&Xp {
} —exp {

qR I

3l

Iy, [exp { n kTN,

AL
€X Ery—
p { n3kTN,

L
n3kTN,

Vie Ryl
Idz [CXP { n:]k;;\/ } — €Xp { nq kTN, }]
a Vo _ R
&P { nKTN, } exp { nsKIN, } (18)

The photocurrent equation is obtained by substituting
Eq. 18 in Eq. 19 and is written as follows.
4Voc } _ 1]
S

-1 Ao
} exp { n,kTN,

qVoc
I=1 Aoe +1
P T [eXp {nlkTN @

Following a comprehensive study of literature, the mod-
els, such as SDM, DDM, and TDM for the PV modules,
are used to estimate parameters because of their simplicity
and accuracy. No literature discusses the TDM mathemati-
cal model of the photovoltaic module for three operating
regions. This is one of the unique contents of this article.

2.2 Manufacturers datasheet information

In the present study, three distinct types of commercial PV
modules are considered in India, such as monocrystalline,
polycrystalline, and bifacial PV modules. Three PV modules
are selected due to their availability in the commercial mar-
ket of India. However, the proposed algorithm can be used

Ve
R,

she _ Yoo Voo aR Iy
I + R, R, Iy, [exp { n kTN, } exp { n, kTN, }]
+ —_
9Voc _ R Vo _ R I 19
exp { nykTN, } exp { nykTN, } eXp { n3kTN, } { n3kTN, } 19
Vo | _ R/,
I, [exp { kTN, } exp { kTN, ]

gR I,

AsTse

n3kTN

25l
Dot

n3kTN

}-
exp {1 | - { 255
and I

During case-3, substitute V,, =V, Lhpp 10
Eq. 15, and the equation for the total current of the PV mod-
ule is written as follows.

for estimating the parameters of any PV modules at any PV
capacity. The typical manufacturer’s information is shown
in Table 1. It is to be remembered that, under standard test

Io=1 —1, |exp 9(Vinpp + T Rs) Y [ P 9(Vingp + o) _
mpp P, n, kTN, o kTN, 0
I q(Vmpp + ImppRs) (Vmpp + ImppRs)
fay [XP kTN, T R
ny s P

Table 1 Electrical specification of the selected PV modules

Parameters Adani ASB-7-355 [61] Adani ASM-7-PERC-365 [62] Tata TP280 [63]

Type of the module N-Type bifacial dual glass Monocrystalline passivated emitter and  Polycrystalline
rear cell (PERC)

Maximum power output, P, (W) 355 365 280

Short-circuit current, /. (A) 9.74 9.93 8.33

Open-circuit voltage, V. (V) 46.4 47.31 44.5

Current at MPP, .., (A) 9.37 9.36 7.78

Voltage at MPP, V.. (V) 37.9 39.01 36.1

Temperature coefficient at V. (%/°C) -0.31 -0.29 —0.3305

Temperature coefficient at I, (%/°C) 0.065 0.048 0.0638

Number of cells in series, N 72 72 72
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Table 2 Optimized and

. PV model Optimized parameters Estimated/calculated Respective equations
calculated variables for the
parameters
SDM, DDM, and TDM
SDM n, R, and R, I, and I Equation 6 and Eq. 7
DDM ny, ny, Iy, R, and R, I, and I, Equation 12 and Eq. 13
TDM ny, ny, ng, Iy, Iy, R, and R, I, and Iy Equation 18 and Eq. 19

conditions (STC), i.e. 25 °C temperature and 1000 W/m?
solar radiation, the voltage and current data at three operat-
ing points, such as open-circuit, short-circuit, and maximum
power point (MPP), are clearly mentioned in the datasheet
provided by the manufacturer.

2.3 Objective function

The objective is to precisely extract the PV module param-
eters in order to enable data shown in Table 1 to be fulfilled
in three cases: open-circuit, short-circuit, and MPP. In the
objective function formulation, all three operating condi-
tions are considered, which is considered a unique point in
this paper. Because some of the researchers in the literature
extracted the parameters of the PV modules by consider-
ing the MPP alone. The parameters to be optimized and the
parameters estimated using the proposed EO algorithm are
listed in Table 2 for the PV models, such as SDM, DDM,
and TDM. For instance, three parameters to be optimized (7,
R, and Rp) and two parameters to be estimated (Ip and 1) for
the SDM, five parameters to be optimized (n, n,, Iy, R, and
Rp), and two parameters to be estimated (Ip and I4,) for the
DDM, and seven parameters to be optimized (n,, n,, 13, Iy;,
g, Ry, and R))) and two parameters to be estimated (7, and
14;) for the TDM. The estimated parameters are derived from
the operating points at the open-circuit and short-circuit.
Table 2 provides detailed information about the analytical
calculation along with its respective equation.

The target strategies shall ensure that the photovoltaic
module results in all three operating points comply with the
I-V relationship. The parameters estimated must generate
the voltage and current data of the operating environment,
such as short-circuit, open-circuit, and MPP following V-1
relationships. Therefore, a more sophisticated optimization
algorithm is necessary to minimize errors at three operating
points. The error functions at the short-circuit, open-circuit,
and MPP, respectively, are obtained as follows for the SDM.

qRSISC Rslsc
ESC = ISC +Id exp m -1+ R _Ip 21
s p

+ =1 (22)

9Voc
EOC = Id eXp m -1

q(Vmpp + ImppRs)
N

_(V + Lo Ry)

mpp T Tmppts)
R mpp
p (23)
Similarly, the error functions at the short-circuit, open-
circuit, and MPP, respectively, for the DDM are obtained
as follows.

R
Esc =l +1, [exp { :kﬁ } - 1]
1 s

R,I R

+Id2[exp{—q — } - 1] +—==-1,

nszNS Rp (24)

_ qVoe
EOC _Id] [exp { n’lkTNs } - l]
\%4 V.,

+Id2[exp{&} - 1] + =1,

nszNS Rp (25)

q (Vmpp + ImppRS)
Eyipp =1, — Iy, [CXP { W -1
S

q( Vinpp ImppRs)
=1, lexp { —nszNQ -1

(VmPP + ImPPRS)

R, (26)

Similarly, the error functions at the short-circuit, open-

circuit, and MPP, respectively, for the TDM are obtained
as follows.
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qRS[SC qRSISC qRSISC RS[SC
E~=1_+1, |ex —— > = 1|+, lexp{ —— p — 1| + 1, |ex —— -1+ —-1 27
s¢= e Tl [ P { kTN, } ] @ [ P { kTN, & | P kTN, R, P @7
q VOC q VOC q VOC VOC
Eq- =1 — =1+ —11+1 -1|+—=—=-1 28
R ot R R E g R R E g Bl R @

9(Vinpp + TmppRs ) 4(Vnpp + L)
EMPP = Ip - Id] lexp {nlk—m -1 - Idz eXp nzk—TNs -1

_7 q(vmpp +1mppRS) 1l - (Vmpp +1, _
dy [XP kTN, R

P

(29)
R,)

mpp~ s

mpp

The objective or error function for all SDM, DDM, and
TDM is written as follows.

_ 2 2
E=Eqc +Eqc + Eypp (30)

Using data from the manufacturer’s datasheet, the error
function value is reduced as small as possible. The PV
module parameters are estimated to change the variables
generated by the solution vectors, E as small as possible,
by optimizing the parameters (i.e. 3 parameters for SDM, 5
parameters for DDM, and 7 parameters for TDM).

3 Opposition-based equilibrium optimizer
(OBEO) and its applications in parameter
estimation problem

3.1 Concept of EO algorithm

Another meta-heuristic algorithm that inspires in the laws of
physics, namely the equilibrium optimizer (EO), is presented
in [47]. EO uses a mass balance equation to calculate the
numbers of mass inputs, generates in volume over time, and
attempts to find the status which achieves the equilibrium
state. The calculation is based on a dynamic mass balance
on the control volume. EO is holding the advantages known
as a good algorithm, such as balancing, efficiently imple-
menting, and diversity among individuals in a population
by exploration and exploitation operators. It can, therefore,
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be used in real-world problems to solve many problems of
optimization, like image segmentation, DNA fragmentation
assembly problem, power systems, and so on. In this paper,
the performance of the EO algorithm is reviewed for the
solar photovoltaic parameter estimation problems. More
details on the inscription of EO can be found in [47]. The
following three steps to be followed to model the EO algo-
rithm mathematically.

Step-1: Initialization EO takes a group of particles in this
stage, in which each particle constitutes the concentration
vector containing the solution to the problem of optimiza-
tion. Randomly in the search area, the initial concentration
vector is generated with the following formula.

Xl = X+ (X, — Xp) Xrand;, i=0,1,2,...0p (31)

where X;““ial denotes the concentration vector of the particle,
i, Ib, and ub denote lower and upper limit for each dimen-
sion, np denotes the number of particles and a random num-
ber of the ith particle in range of [0,1].

Step-2: Equilibrium pool and candidates (ﬁeq’pool) There
is an aim for each meta-heuristic algorithm intended to
achieve based on its architecture. For instance, GWO, WOA,
ALQ searches for prey [39—41]. In [29], the bee searches for
the source of food. Similarly, EO is searching for a system
equilibrium. EO can achieve a near-optimal solution to the
optimization problem when it reaches an equilibrium state.
EO does not know the concentration level that attains an
equilibrium state during the optimization process. Therefore,



Journal of Computational Electronics (2021) 20:1560-1587

1568

it assigns such candidates of the four most productive parti-
cles found in the optimizing process, plus a further particle,
whose concentration is the arithmetic mean of the four par-
ticles. The four candidates and the average candidate sup-
port the EO algorithm to improve exploration and exploita-
tion capability. Finally, such five particles are nominated
for equilibrium and used to create a vector known as the
equilibrium pool.

-

Deq,pool = {Deq,(l)’ Deq,(Z)’ Deq,(3)’ Deq,(4)’ Deq,(avg) } (32)

Every particle updates its concentration in every iteration
with a random choice of candidates with the same prob-
ability. The particle undergoes an update process by the end
of the optimization process, with all the candidate solutions
receiving around a similar number of updates.

Step-3: Concentration update The exponential term (F) is
the next term contributing to the key concentration updating
rule. A proper definition of this term helps EO to balance
exploitation and exploration reasonably. As the turnover rate
can vary with time in an accurate control volume, the 4 ran-
dom vector is assumed at [0,1] interval.

F = o= A1) (33)

where ¢ is a time and is defined as a function of iteration (/),
therefore, ¢ is decreased with an increase in the number of
iterations.

. [1 _ L]<2 =) (34)

max

where the current iteration is denoted by /, the maximum
iteration is denoted by [ ., and the constant that manages
the ability of exploitation is denoted by a,. This study also
considers convergence by slowing the search speed and
enhancing the exploitation and exploration ability of the
algorithm.

ty = éln (—alsign(7—0.5) [l —e‘jt]) +1t (35)
A

where the value which controls the ability of exploration
is denoted by a,. The exploration ability is improved by
increasing the value of a;, while exploitation performance
is reduced. Similarly, the exploitation ability is increased
by increasing the a,, however, the exploration performance
is reduced. The random vector is denoted by 7 and varied
between [0,1]. The values of a; and a, are selected as 2
and 1, respectively, in this paper. The generation rate (G,)
is used to deliver a precise solution by refining the phase of
exploitation.

G, = Gye (=) (36)

where the initial value is represented by R, and is derived
as follows.

G, = GRCP x (56(] —Ix 5) (37)
=5 _J 0.5r, r,>RP
GRCP = { 0 otherwise (38)

where the random numbers are represented as r, and r;, and
vary between [0,1]. The generation rate control parameters
are denoted as GRCP that finds whether G, is applied to the
update rate based on the rate of probability, RP. Lastly, EO
is updated using the following equation.

L L. .G .
D=D,,+(D-D,)xF+=——x(1-F) (39)
AXV

where the value of Vis equal to 1. The detailed information
can be found in [47]. The pseudocode of the basic version
of the EO algorithm is shown in the Algorithm.
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Initialize the Position X

Find the Opposite X

Initialization
Phase

Fig.4 Flowchart of the OBEO algorithm

Updating Phase

Repeat Until
Terminating Criteria

Table 3 Input parameters of the
EO algorithm

User parameters SDM DDM TDM
Dimension, d 3 5 7
Number of particles, np 30 50 70
Maximum iteration, /[, 1000 1000 1000
Constant parameters, a,, a,, and RP 2,1,and 0.5
Optimized variables, [X,, X, n=[0.5,2] Iy=010"210°  1,,=[10""2,
R,=[50,200] Q A 1071 A
R,=[0.001. 1] Q n;=[0.5, 2] I,=[107,
n,=[0.5,2] 10° A
R,=[50, 200] Q n,=[0.5, 2],
R,=[0.001.1] Q n,=[0.5, 2]
n=[2. 51,
R,=[50,
2001 Q
R,=[0.001
11Q
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Algorithm. EO Algorithm

Initialize population of particles, i=0, 1, 2, ...np
Set the large value for the fitness of the four particles in equilibrium pool, Deg pooi
Set the value for the parameters, such as a,, a; RP
While / < [yux do
For j=1to np do
Calculate the fitness value of i particle
If fit(Y; ;) < fit(Deq (1)) then
Replace D41y with Y, ; and fit(Deg (1)) with fit(Y; ;)
Elseif fit(Y; ;) > fit(D,, 1)) & fit(Y;;) < fit(D,,(2)) then
Replace D42y with Y, ; and fit(Deq (2)) with fit(Y; ;)
Elseif fit(V; ;) > fit(Deq 1)) & fit(Y; ;) > fit(Deg (2)) & fit(V; ;) < fit(D,q (3)) then
Replace D43y with Y, ; and fit(Deq (3)) with fit(Y; ;)
Elseif fit(Y; ;) > fit(D,, 1)) & fit(Y; ;) > fit(Deq 2)) & fit(Y; ;) > fit(Deg (3))
& fit(Y; ;) < fit(Deq (4)) then
Replace D44y With Y, ; and fit(Deq (4)) with fit(Y; ;)
End if
End for
Deqtavg) = (Deqy + Deq2 + Deqea) + Deg)) /4
Construct the equilibrium pool, Beq‘pool = {5eq ) 5eq (2) 5eq 3) Beq (4)» 5eq (avg)}
Complete memory saving
Assign t using Eq. 34
For j=1 to np do
Choose one candidate randomly from Beq,pool

Generation of two random vectors, A and ¥
Construct F by Eq. 33
Construct GRCP by Eq. 38
Construct 50 by Eq. 37
Construct @ by Eq. 36
Update using Eq. 39
End for
I=1+1
End while

@ Springer



1571

Journal of Computational Electronics (2021) 20:1560-1587

Table 4 Various parameters of algorithms for the parameter estima-
tion problems

Algorithm Description of ~ Parameters

parameters
SDM DDM TDM

OBEO np 30 50 70
Lnax 1000

ALO np 30 50 70
Lnax 1000

GWO np 30 50 70
Lnax 1000

EO np 30 50 70
Lnax 1000

WOA np 30 50 70
Lnax 1000

PSOGWO  np 30 50 70
Lnax 1000
C, and C, 0.5
w Random weight

GWOCS np 30 50 70
l 1000

max

3.2 Opposition-based learning

The OBL framework was established to develop heuristic
methods to discover a global optimization solution. Meta-
heuristic methods produce an initial population, including
random solutions, to find the optimal solution. Nevertheless,

104 : : : :

-]
T

PV Module Current (A)

0 1 1 L
0 10 20 30

PV Module Voltage (V)

50

Fig.5. Twenty feasible /-V curves of the ASB-7-355 PV module for
the SDM

initial solutions are created randomly or based on past
knowledge, including location search or other variables. In
the absence of such details, these approaches cannot con-
verge to an optimal global since they operate randomly in
solution space. Such strategies are also time-consuming
since they depend on the discrepancy between the existing
and best solutions. The OBL suggests a strategy to address
these problems opposite the current solution, so the result
gets closer to a real solution, and the convergence becomes
better. The opposite real number x € [Ib, ub] is represented
as x and is stated as follows.

Table 5 Calculated and

optimized parameters of the Run no " R @ Ry & h* la@® E

ASB-7-355 PV module for the 1 0.5041 0.0100 102.7359 9.7409 227E-21 0

SDM 2 0.5000 0.0512 102.8240 9.7448 1.52E-21 0
3 0.6147 0.0100 104.0325 9.7409 1.77E-17 0
4 0.6413 0.0243 104.8783 9.7423 9.62E—17 0
5 1.0119 0.0105 143.4755 9.7407 1.62E-10 0
6 0.5000 0.4426 132.4909 9.7725 1.54E-21 0
7 0.5000 0.0456 102.8052 9.7443 1.52E-21 0
8 0.5000 0.1320 103.3103 9.7524 1.52E-21 0
9 0.9842 0.0100 136.7574 9.7407 8.04E—11 0
10 0.5181 0.3102 110.2545 9.7674 8.79E—21 0
11 0.5000 0.0105 102.7146 9.7410 1.52E-21 0
12 0.5613 0.1983 106.7169 9.7581 3.64E—19 3.16E-30
13 0.5330 0.0100 102.9352 9.7409 3.40E-20 0
14 0.5000 0.3164 109.0498 9.7683 1.53E-21 0
15 0.6231 0.2549 116.9155 9.7612 3.08E—17 1.14E-28
16 0.5000 0.0504 102.8214 9.7448 1.52B-21 0
17 0.5000 0.0212 102.7376 9.7420 1.52B-21 0
18 0.5005 0.0170 102.7307 9.7416 1.59E-21 0
19 0.7167 0.0302 107.9270 9.7427 5.88E—15 0
20 0.6019 0.0100 103.7942 9.7409 741E-18 0
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Fig.6 SDM of the ASB-7-355 PV module; a scattered plot; b /-V curve comparison between estimated and datasheet
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Fig.7. Twenty feasible -V curves of the ASM-7-PERC-365 PV
module for the SDM

X=ub+lb—x (40)

For multi-dimensional search space, Eq. 40 can be modi-
fied in Eq. 41.

X;=ub;+1b,—x;, i=12,...,D 41)

The X; is substituted with the respective x reliant on the
objective function. If f{x) is larger than f{x), then x is same,
else x=Xx. Consequently, population solution is altered based
on the best values of x and x.

3.3 Proposed OBEO algorithm

The traditional EO algorithm has some drawbacks, such as
being stuck in the optimal local solution, time-consuming,

and slow convergence. Such constraints are based on the
fact that, while a few solutions are excluded from this solu-
tion, particular solutions are changed to optimal solutions.
However, considering the opposite direction, the proposed
methodology eliminates such drawbacks. The OBEO algo-
rithm combines the simple version of EOQ’s search features
with OBL to enhance exploration. The suggested meth-
odology has fewer parameters to be modified than similar
strategies, and the implementation of OBL does not affect
the EO requirement, although the optimum solution’s effi-
ciency is increased. In this sense, the initial population’s
size due to increasing convergence could still be decreased
to the optimum solution, as OBEO can broadly explore the
search space. The presented approach improves the EO
algorithm over two stages: initially, the OBL is being used
to improve the convergence rate in the initialization of the
population and avoid trapping in the optimal local. Second,
OBL was used to update the population method to evaluate
if the opposite direction transition is greater than the present
development. The overall process of the OBEO algorithm
is illustrated in Fig. 4. The variables required to utilize the
OBEO algorithm for the above-said problem are listed in
Table 3.

The use of a broader range of decision variables leads to
greater fitness measures for optimizing SDM, DDM, and
TDM. The EO algorithm suggested that the particle number,
np be 10 times the problem dimension [47]. Therefore, the
number of particles is selected after several trials for good
performance. The EO algorithm is executed by MATLAB
9.4, and the simulations are carried out via a laptop with
Core 15-4210 and 4 GB RAM.

@ Springer



1573

Journal of Computational Electronics (2021) 20:1560-1587

Table 6 Calculated and

optimized parameters of the Run no " k@ R @ @) la (&) £
ASM-7-PERC-365 PV module 1 0.5000 0.2261 69.6280 9.9622 5.6TE-22 0
for the SDM 2 0.5876 0.0305 69.1119 9.9344 1.16E-18 0
3 0.5000 0.0454 68.6165 9.9366 5.65E-22 0
4 1.0672 0.1855 175.2578 9.9405 3.78E-10 0
5 0.5000 0.0100 68.5845 9.9314 5.65E-22 0
6 1.1716 0.0243 114.5686 9.9321 3.15E-09 0
7 0.5000 0.0100 68.5845 9.9314 5.65E-22 0
8 0.6088 0.0100 69.1972 9.9314 5.28E-18 0
9 0.5000 0.0100 68.5845 9.9314 5.65B-22 0
10 0.5000 0.0100 68.5845 9.9314 5.65B-22 0
11 0.5089 0.0100 68.6107 9.9314 1.38E-21 0
12 0.8247 0.3389 165.3440 9.9504 3.30E-13 0
13 1.0796 0.0795 110.1517 9.9372 4.90E-10 1.76E-25
14 1.3640 0.0100 199.9999 9.9305 6.97E—08 0
15 0.5402 0.4307 88.4623 9.9783 2.59E-20 0
16 0.5118 0.0137 68.6235 9.9320 1.84E-21 0
17 0.5057 0.0148 68.6045 9.9321 1.00E—21 0
18 0.7109 0.1249 73.6212 9.9468 221E-15 0
19 0.5000 0.0924 68.7064 9.9434 5.65B-22 0
20 0.5000 0.2963 71.0913 9.9714 5.69E-22 0
10
200 -, 28
. ALO =
z 150 | . - : = OBEO £l
g <« GWO 5 —Da’c_asheet
™ 100 | ' X . SX)VOCS :; al | * Estlmatedv
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0.6 . vy s | 2|
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(a) (b)

Fig.8 SDM of the ASM-7-PERC-365 PV module; a scattered plot; b -V curve comparison between estimated and datasheet

4 Simulation results and performance a.

comparisons

The simulation results of the proposed OBEO algorithm

were applied to the different commercial PV modules, such ~ C.

as SDM, DDM, and TDM. To check the validity of the pro-
posed algorithm, 20 individual runs of simulation are carried
out. The I-V characteristic of the different PV modules is

developed by utilizing the steps as follows. d.

@ Springer

Select and categorize the optimized parameters and esti-
mated parameters for each PV models

Reduce the voltage in steps of 1 V from zero to V. and
assign the maximum output voltage of the module as V.,
For each discrete value of the output voltage of the mod-
ule, the parameters are optimized by solving Eq. 1. The
MATLAB command ‘FSOLVE’ is used to solve the
equations

As the maximum power point voltage is not chosen in
the output voltage of the module due to the fractional
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Fig.9. Twenty feasible /-V curves of the TP280 PV module for the
SDM

Vinpp the output current is individually calculated for
the voltage at MPP.
e. Repeat steps b—d for other sets of parameters to be opti-

mized.

The control parameters of various algorithms are listed
in Table 4 for the simulation study, and it has been selected
after several trials of the algorithms. The stopping criteria
of each algorithm are set by a maximum number of itera-
tions. The search agents are selected based on 5-10 times
the problem dimension.

4.1 Results of the single-diode model

The I-V characteristics of the ASB-7-355 PV module for
20 individual runs are depicted in Fig. 5, and the variations
in /-V characteristics are not only due to the values of the
R, and R, but also the ideality factor of the diode, n. The
optimized and estimated parameters of the ASB-7-355 PV
module are listed in Table 5. It is observed from Table 5
that the limitations on three points are all seen for all the PV
module parameter sets.

As illustrated in Fig. 5, the I-V characteristic of 20 indi-
vidual runs is passed through the points, such as 0 V, 9.74 A;
379V, 937 A; 46.4 V, 0 A. Figure 6a displays a scatter
plot and shows how the optimized parameters are distrib-
uted across the algorithm’s search space. During each run,
the solution set reaches zero error at the operating points.
It is discussed that there may be one /-V characteristic is
shown in most of the literature. However, the solution is
not unique, and therefore, the I-V curve is also not unique
when the three points on -V are considered. There are mul-
tiple numbers of I-V curves in Fig. 5, and each curve has
an optimal solution. In reality, there will be only one I-V
curve matching to its equivalent circuit parameters. How-
ever, as long as the experimental values are available, the
researcher can extract the unique /-V curve. In this paper,
the I-V curve is extracted only when the target error reaches
zero while optimizing the parameters of the module. The I-V
curve accuracy can be increased by selecting many points on
the /-V characteristic. However, all the optimal parameter

Table 7 Calculated and

optimized parameters of the Run no " R @ Ry & h* la@® E
TP280 PV module for the SDM 1 1.1491 0.2360 200.0000 8.3398 6.57E—09 3.87E-29
2 0.7131 0.0141 67.3752 8.3317 1.72E-14 0
3 0.8921 0.4248 200.0000 8.3477 1.58E—-11 0
4 1.2460 0.0103 107.5122 8.3308 3.27E—08 5.16E—19
5 0.5000 0.0100 65.7395 8.3313 9.76E-21 0
6 0.5825 0.1900 66.9660 8.3536 8.92E—18 5.13E—24
7 0.5073 0.0991 65.8075 8.3425 1.95E-20 0
8 1.0415 0.0100 80.8429 8.3310 7.24E-10 0
9 0.9706 0.0231 76.7180 8.3325 1.34E-10 0
10 0.5038 0.0240 65.7485 8.3330 1.40E-20 0
11 1.3170 0.0844 168.5609 8.3342 9.42E—08 2.05E-28
12 0.5004 0.1825 65.9430 8.3531 1.02E-20 0
13 0.6322 0.0106 66.3794 8.3313 2.29E-16 0
14 0.5553 0.0130 65.9078 8.3316 1.18E-18 0
15 0.5000 0.0185 65.7394 8.3323 9.76E-21 0
16 0.5301 0.0269 65.8257 8.3334 1.50E—19 0
17 1.3636 0.0100 142.0848 8.3306 1.75E-07 0
18 0.5001 0.0452 65.7438 8.3357 9.89E—21 0
19 1.3146 0.0100 124.5643 8.3307 9.00E—08 0
20 1.1415 0.0100 90.7555 8.3309 5.52E—09 2.29E-29
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Fig. 10 SDM of the TP280 PV module; a scattered plot; b /-V curve comparison between estimated and datasheet
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Fig. 11. Twenty feasible /-V curves of the ASB-7-355 PV module for
the DDM

is considered to be sufficient since most of the researchers
target primarily on the MPPs. Therefore, one of the optimal
curves (best solution obtained from the 20 individual runs)
is compared with the /-V curve provided in the manufacturer
datasheet. The same is illustrated in Fig. 6b. It is observed
from Fig. 6b that the estimated curve and the curve provided
by the manufacturer are almost matching. From Fig. 6a, it
is observed that a wide search has occurred on the shunt
resistance, R,,.

The same study is extended to the other two commer-
cial PV panels, such as TP280 and ASM-7-PERC-365 PV
panels. During 20 individual runs, the I-V curves are illus-
trated in Fig. 7, and observed that all the curves are passes
through the operating points, such as 0 V, 9.93 A; 39 V,
9.36 A;47.31V, 0 A. The calculated and optimized param-
eters of the PV module during 20 individual runs are listed
in Table 6. As discussed, the optimum parameters of the PV
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module are extracted by targeting zero value at the above-
said operating points during 20 individual runs.

The normalized values of the optimized parameters dur-
ing 20 individual runs are illustrated in Fig. 8a. It is observed
from Fig. 8a that the wide search has happened in series
resistance and diode ideality factor. Similarly, the estimated
I-V curve is compared with the /-V curve in the datasheet
provided by the manufacturer and is illustrated in Fig. 8b.

As similar to the previous discussion, The I-V character-
istics of the TP280 PV module are illustrated in Fig. 9 for 20
individual runs. The optimized and calculated parameters of
the same PV module are listed in Table 7 for all runs.

The scatter plot of the parameters optimized during 20
individual runs is displayed in Fig. 10a. The distribution of
the optimized parameters is wider in the given range and
finds the optimal value by targeting the zero error in the
operating points, such as 0V, 8.33 A;36.1 V,7.78 A; 445V,
0 A. The I-V curve comparison between the estimated and
manufacturer datasheet is illustrated in Fig. 10b.

To check the superiority of the proposed algorithm,
the scattered plot of all algorithms for all the PV modules
is illustrated in Figs. 6a, 8a, and 10a, respectively. It is
observed from the scatter plot that the proposed OBEO algo-
rithm is widely searching for the solution in the search space
provided during 20 individual runs. The optimal solutions
provided by the OBEO algorithm are acceptable compared
to other algorithms discussed in the literature.

4.2 Results of the double-diode model

As similar to SDM, the simulation is also carried out for
DDM of all the PV modules listed in Table 1. First, the I-V
curves for all 20 individual run of the ASB-7-355 PV mod-
ule. As shown in Fig. 11, all the I-V curves pass through the
operating points, such as 0 V,9.74 A;37.9V,9.37 A; 464V,
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Table 8 Calculated and
R I, (A R.(Q R _(Q I (A I, (A E

optimized parameters of the o ne a @ i "2 (@ p () @ 2@

ASB-7-355 PV module for the 1 1.OOE-12  1.6150 05328  0.0335  103.0382  9.7432  333E-20 0

bDM 2 LOOE—12 18452 05000 01386 1033739 97531 152621 0
3 1.00E-06 1.9997 0.5000 0.0014 111.2035 9.7401 1.48E-21 0
4 1.00E-12 1.6779 0.5023 0.0012 102.7090 9.7401 1.91E-21 0
5 1.00E-06 2.0000 0.5009 0.0470 112.4696 9.7441 1.61E-21 0
6 1.00E-06 2.0000 0.5000 0.0010 111.1804 9.7401 1.48E-21 0
7 7.01E-07 1.9942 1.0573 0.0010 165.4188 9.7401 4.60E—-10 0
8 1.00E-06 2.0000 0.5000 0.0475 112.4761 9.7441 1.48E-21 0
9 1.18E—12 1.6261 0.5000 0.0044 102.7033 9.7404 1.52E-21 0
10 8.82E—-07 1.9989 0.5000 0.0151 110.4735 9.7413 1.48E-21 0
11 3.69E-07 1.9921 0.5139 0.0025 105.8916 9.7402 5.84E-21 0
12 8.11E-07 2.0000 0.7610 0.0671 122.6197 9.7453 4.43E—-14 0
13 1.00E-06 1.8448 0.6305 0.0105 128.4010 9.7408 4.52E-17 0
14 1.00E-06 2.0000 0.5015 0.0010 111.1900 9.7401 1.72E-21 0
15 2.81E-07 1.9559 0.5000 0.0107 105.6367 9.7410 1.50E-21 0
16 4.71E-07 1.9681 0.5000 0.0010 107.2486 9.7401 1.49E-21 0
17 1.00E-06 2.0000 0.5000 0.0026 111.2221 9.7402 1.48E-21 0
18 2.93E-07 2.0000 0.5656 0.1064 107.5237 9.7496 5.07E-19 0
19 6.16E—07 2.0000 0.5027 0.0017 107.7895 9.7401 1.95E-21 0
20 1.00E-12 1.6978 0.5000 0.0010 102.6973 9.7401 1.52E-21 0
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Fig. 12 DDM of the ASB-7-355 PV module; a parallel coordinated plot; b I-V curve comparison between estimated and datasheet

0 A. The estimated and optimized parameters during 20 runs
are listed in Table 8 for ASB-7-355 PV modules with the
error value during all 20 runs of the algorithm. It is observed
that the algorithm can achieve zero error during all the runs
by optimizing the parameters.

Each -V characteristic is different, and it can be attrib-
uted not only due to the variation in shunt and series resist-
ance of the module but also to the diode saturation current
and ideality factor. The normalized values of all the opti-
mized parameters are illustrated in Fig. 12a. The param-
eter search is spread across a wide range of given search
spaces. A wide range of searches has occurred on the shunt

resistance and the diode saturation current of the module.
It is also observed from Table 8 that zero error is achieved
during all individual runs of the simulation. To check the
effectiveness of the proposed algorithm, one of the best
solutions achieved during 20 runs is compared with the I-V
curve provided by the manufacturer, and the same is illus-
trated in Fig. 12b.

The simulation is also carried out for the PV modules,
such as ASM-7-PERC-365 and TP280. The I-V character-
istics of the ASM-7-PERC-365 PV module for all individual
runs are illustrated in Fig. 13, and it is observed that all
the I-V curves are passes through the points, such as 0 V,

@ Springer



Journal of Computational Electronics (2021) 20:1560-1587

<%
©o

PV Module Current (A)

0 . . . . . . .
0 5 10 15 20 25 30 35

PV Module Voltage (V)

Fig. 13. Twenty feasible /-V curves of the ASM-7-PERC-365 PV
module for the DDM

9.93 A; 39.01 V,9.36 A;47.31V, 0 A. Besides, the esti-
mated and optimized parameters of the module for all runs
are listed in Table 9. As similar to the previous discussion,
the algorithm can extract the parameters by achieving zero
error during all the runs.

The normalized values of the optimized parameters are
illustrated in Fig. 14a, in which the wide search has hap-
pened at diode saturation current, diode ideality factors, and
shunt resistance of the module. The variation of diode satu-
ration current is dominant during all individual runs; how-
ever, the impact on the I-V curve is significantly less due to
its less magnitude. The comparison is made between one of

the best solutions obtained so far and the /-V curve provided
by the manufacturer, and the same is illustrated in Fig. 14b.

As similar to the previous discussion, the /-V character-
istics of the TP280 PV module for DDM are illustrated in
Fig. 15 for 20 individual runs. The optimized and calculated
parameters of the same PV module are listed in Table 10
for all runs. The normalized value plot of the parameters
optimized during 20 individual runs is displayed in Fig. 16a.
The distribution of the optimized parameters is wider in the
given range and finds the optimal value by targeting the zero
error in the operating points, such as 0 V, 8.33 A; 36.1 V,
7.78 A;44.5V, 0 A. The wide search has happened at diode
saturation current and shunt resistance of the PV panel. The
comparison between one of the best estimated /-V curves
and the -V curve given in the manufacturer datasheet is
illustrated in Fig. 16b.

To check the superiority of the proposed algorithm, the
parallel coordinated plot of the OBEO algorithm for all
the PV modules is illustrated in Figs. 12a, 14a, and 16a,
respectively. It is observed from the parallel coordinated plot
that the proposed OBEO algorithm is widely searching for
the solution in the search space provided during 20 indi-
vidual runs. The optimal solutions provided by the OBEO
algorithm are acceptable compared to other algorithms dis-
cussed in the literature. The detailed statistics results of all
the algorithms are presented in the further subsection of this
paper for better understanding. The solutions provided by
the DDM are more accurate than the solutions provided by
the SDM of all the PV modules.

Table9 Calculated and

optimized parameters of ASM- Run no fn @) m " R € Ry € b @ lo @) E
7-PERC-365 module for the 1 5.18E-07  2.0000  0.5000  0.0069 71.0780 99310 5.55E-22 0
bbDM 2 641E-08  1.9527 05118  0.1901 70.0402  9.9570  1.84E-21 0
3 333E-07 19610 09387  0.0010 81.8317  9.9301  135E-11 0
4 1.0SE-07  2.0000 13683  0.0010  193.8122  9.9301  7.37E-08 0
5 4.09E-09 19802 05020  0.0010 68.6059  9.9301  692E-22 0
6 454E-07  2.0000 05716  0.0030 71.0556  9.9304  336E-19 0
7 500E-07  1.9981 05020  0.0740 715838  9.9403  6.79E-22 0
8 1.I2E-07  2.0000  0.5046  0.4415 86.3267  9.9808  9.18E-22 0
9 LLI3E-12 15799  0.7565  0.0010 715475 99301  1.92E-14 0
10 1.OOE—12 19987  0.6057  0.0055 69.1460  9.9308  4.26E—18 0
11 1.O6E—12 19658 05000 03112 715838 99732  5.69E-22 0
12 5.14B-07 19696  0.5207  0.2234 755326 9.9594  426E-21 0
13 1.96E-07  2.0000 12420  0.0528  161.5990  9.9332  1.09E-08 0
14 448E-07 19964  1.0908  0.1466  163.1085  9.9389  6.23E-10 0
15 9.11E-08  1.9997 05039  0.0140 69.0334 99320  835E-22 0
16 9.51E-07  1.8661  0.5000  0.0304 80.3952  9.9338  5.19E-22 0
17 2.11E-09  1.7382 05042  0.1150 68.8736  9.9466  8.63E-22 0
18 128E-12 12211 13780  0.0010  200.0000  9.9300  8.44E—08 0
19 2.57E-07 19970 13041  0.0308  182.7341  9.9317  291E-08 0
20 542E—-07  2.0000 05000 05029  127.7216  9.9691  5.75E-22 0
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Fig. 15. Twenty feasible /-V curves of the TP280 PV module for the
DDM

4.3 Results of the three-diode model

As discussed in the literature, the solution accuracy of the
TDM is more than the solution provided by the SDM and
DDM of the PV modules. The simulation is also carried out
for the TDM of all the PV modules presented in Table 1.
The proposed OBEO algorithm optimizes seven variables.
Two other variables are estimated or calculated based on the
relation between the estimated data and optimized data. The
I-V curves of the ASB-7-355 PV module during all 20 runs
are illustrated in Fig. 17 and observed that all I-V curves
are successfully passed through the operating points, such
as0V,9.74 A;379V,9.37 A; 46.4 V, 0 A. The estimated
or calculated parameters and the optimized parameters of
the OBEO algorithm for all 20 runs are listed in Table 11.
It is observed from Table 10 that the OBEO algorithm can
able to achieve zero error during all the runs by optimiz-
ing the seven parameters. Based on these seven optimized

parameters, the other two parameters are calculated and
listed in Table 11.

The normalized values of the optimized parameters of
the ASB-7-355 PV module are illustrated in Fig. 18a. As
observed in Fig. 18a, the wide search has happened at the
diode’s saturation current, such as /;; and /;,, and the nor-
malized values vary between 0.01 and 0.95 p.u. Since the
magnitude of these currents is very small, there will not
be much impact on the I-V curves of the PV module. The
comparison between one of the best solutions obtained so far
and the /-V curve provided in the datasheet is illustrated in
Fig. 18b to check the effectiveness of the OBEO algorithm.

The simulation is also carried out for the three-diode
model of the TP280 and ASM-7-PERC-365 PV modules,
and the I~V curves of both modules during all 20 individual
runs are illustrated in Figs. 19 and 20, respectively. It is
observed from Figs. 19 and 20 that all 20 /-V curves are
passes through the three operating points of the PV module,
suchas 0V, 9.93 A;39.01 V,9.36 A;47.31 V,0A,and 0V,
8.33 A;36.1V,7.78 A;44.5V, 0 A, respectively. The seven
optimized parameters and two estimated parameters and
the error values of the PV modules are listed in Tables 12
and 13, respectively, for 20 runs and observed zero error
while optimizing the parameters during all 20 runs of the
simulation.

To understand the distribution of the optimized parame-
ters, normalized values of both modules are plotted in paral-
lel coordinated plots, and the same is displayed in Figs. 21a
and 22a, respectively. For both the modules, the wide search
has happened at the reverse saturation currents of the diode
for both PV modules. Since the magnitude of such currents
is very small, the impact on the /-V curve is also very small.
The comparison between the estimated I~V curve and the
I-V curve provided in the PV modules datasheet is illus-
trated in Figs. 21b and 22b.
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Table 10 Calculated and Runno I (A) n 1y R(Q) R,(Q LA IyA) E

optimized parameters of the P P

TP280 PV module for the DDM 129E—12  1.8205 05000 0.1457  65.8465 8.3484 9.78E-21 0
2 847E—07  2.0000 14570 0.0018  200.0000 8.3301 5.38E-07 0
3 7.59E-08  2.0000 05273 0.0010 659612 83301 1.I8E-19 0
4 1.OOE-06  2.0000 1.1026 0.0028  88.7839 83303 2.57E-09 0
5 1.OOE-06  2.0000 0.7709 04740 168.8443 83534 222E-13 0
6 1.O0E-06  2.0000 0.5014 0.0080  67.9140 83310 1.09E-20 0
7 1.OOE—12  2.0000 0.5000 0.1475  65.8502 8.3487 9.78E-21 0
8 251E-07 19900 0.5010 0.0809 664184 83402 1.07E-20 0
9 1.OOE—12  2.0000 0.5000 0.062 657398 83308 9.76E-21 0
10 1.73B-07  1.9417 09270 0.0486  76.1246 83353 4.14E—-11 0
11 4.13B-07  2.0000 05000 0.0010  66.6077 83301 9.68E-21 0
12 737E-07 1.8046 12764 00010 1209172 83301 4.90E-08 0
13 490E-07 1.9387 09478 02122  98.2670 83480 7.39E—-11 0
14 6.06E-07 1.9991 0.8505 0.0076  71.9926 83309 3.96E-12 0
15 6.87E-07 1.8171 09428 00129  79.5008 83314 6.12E—-11  7.89E-31
16 1.OOE-06  1.6779  0.5000 0.2847  115.0213 83506 8.00E-21 0
17 L.OOE-12 19772 05000 0.2032  66.0125 83556 9.79E-21 0
18 831E—07 15281 0.5545 0.0537 171.6582 83326 3.41E-19 0
19 L.OOE-12 19350 0.5000 0.1283  65.8152 83462 9.78E-21 0
20 467E-08 19270 1.0840 0.0276  86.5229 83327 1.80E-09 0
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Fig. 16 DDM of the TP280 PV module; a parallel coordinated plot; b /-V curve comparison between estimated and datasheet
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Fig. 17. Twenty feasible /-V curves of the ASB-7-355 PV module for
the DDM

In short, irrespective of which PV module types we con-
sider or which PV models (SDM, DDM, and TDM) for
parameter estimation problems we follow, no single I-V
curve could be obtained for the specific module with three
different operating points. The parameter optimization based
on the datasheet information, i.e. three operating points,
such as V., I, Viypps and I, always results in various IV
curves during all simulation runs.

4.4 Comparison study

To prove the effectiveness of the proposed OBEO algorithm
applied to parameter estimation problems is compared with
other state-of-the-art meta-heuristic algorithms, such as
ALO, GWO, EO, and WOA, and hybrid algorithms, such
as PSOGWO and GWOCS. All the algorithms use the same
objective function to minimize the error by targeting zero
error. All the PV models, such as SDM, DDM, and TDM
for the optimization problems of the PV modules, such as
ASB-7-355, ASM-7-PERC-365, and TP280 are discussed
in this paper.

For better comparison, the statistical results of different
algorithms are listed in Table 14. The algorithms, such as
OBEO and EO, can produce almost zero error during 20
individual runs. However, EO fails to produce zero error
for TDM of the PV modules. Next to OBEO and EO, the
algorithms, such as ALO, WOA, PSOGWO, GWO, and
GWOCS, show less errors during all runs of the simulation.
The worst error values of ALO, WOA, PSOGWO, GWO,
and GWOCS algorithms range from 1072 to 10~!!. This
error can also be seen as a zero error for all practical appli-
cations. Table 14 concludes that in three operating points,
the intended results of the PV module can be obtained with

Table 11 Calculated and optimized parameters of the ASB-7-355 PV module for the TDM

Runno I, (A) I, (A) n 1y 1y R(©Q R, (Q I, (A) I3 (A) E
1 5.62E—10  435B-07  1.0667  2.0000 27973  0.0010 1992270  9.7400  2.87E—-05 0
2 3.87E—-10  1.00E—09  1.9340  1.0940  2.0001  0.0010  199.9918 97400  1.56E-06 0
3 4.65E—10  1.00E—09  1.0596  1.9942 20052  0.0011 1992787  9.7401  229E-06 0
4 942E—-10  5.47E-07  1.0910  1.9669  2.0296  0.0012 1972190  9.7401  9.94E—07 0
5 3.93E-10  1.00E-09  1.0501  1.8597  2.0000  0.0062  163.0810  9.7404  6.02E-07 0
6 1.OOE-09  120E-09 15831  1.1023  2.0000  0.0010  196.5483  9.7400  122E—-06 0
7 1.OOE-09  3.50E—07  1.0938  1.9948  2.0644  0.0010  200.0000  9.7400  1.63E-06 0
8 995E-10  1.11E-08  1.0937  1.8245  2.0000  0.0010  200.0000  9.7400  1.53E—06 0
9 1.OOE-=09  1.00E—09  1.0924  2.0000  2.0194  0.0010 1732663  9.7401  431E-07 0
10 540E-10  1.00E-09  1.0653  2.0000  2.0130  0.0010 1842890  9.7401  1.60E—06 0
11 946E—-10  1.00E-09  1.0900 14926  2.6085  0.0010  184.0994 97401  9.65E—06 0
12 756E—10  1.00E-09  1.0801  2.0000  2.0000  0.0018  179.8683  9.7401  9.69E—07 0
13 945E—-10  9.49E-07  1.0912  2.0000  2.1301  0.0013  200.0000  9.7401  1.20E—06 0
14 995E-10  1.00E-09  1.0927  2.0000  2.0165  0.0010  181.2209  9.7401  845E—07 0
15 9.66E—10  223E-07  1.0923 19857 20012  0.0028  199.5338  9.7401  1.29E—06 0
16 339E-10  1.00E-09  1.0460  1.9995  2.0010  0.0010  200.0000  9.7400  2.54E—06  3.16E—30
17 585E—10  1.43E-07  1.0696  2.0000  2.0013  0.0010 1982154  9.7400  1.87E—06 0
18 1.OOE-12  1.00E—09  1.0915  1.0930  2.0742  0.0203  200.0000  9.7410  140E-06 0
19 1.OOE-09  1.49E—08  1.0940  2.0000  2.0000  0.0010  200.0000  9.7400  1.54E—-06 0
20 S43E—-10  257E-09  1.0661  1.5365  2.0000  0.0010  193.0515  9.7401  1.81E-06 0

@ Springer



1581

Journal of Computational Electronics (2021) 20:1560-1587

Normalized Values

Optimized Parameters

(@

10, T T T T
2
N
]
7]
£ 6- J
5 ——Datasheet
2 * Estimated
=
s 4- 1
=]
=
>
-9 2+ 4
0 . . . Lk
0 5 10 15 20 25 30 35 40 45 50
PV Module Voltage (V)
(b)

Fig. 18 TDM of the ASB-7-355 PV module; a parallel coordinated plot; b I-V curve comparison between estimated and datasheet
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different PV parameter sets, irrespective of the algorithm
used. The CPU run time of 20 runs for all the algorithms is
listed in Table 14. From Table 14, it is observed that the pro-
posed OBEO algorithm is quickest, followed by GWOCS,
GWO, PSOGWO, WOA, EO, and ALO. Nevertheless, this
paper aims not to assert OBEQO’s superiority over other
algorithms but instead to show that datasheet information
is insufficient to determine the characteristic of /-V on just
three points of the PV module. In order to rank the algo-
rithms, Friedman’s rank test (FRT) is carried out based on
the minimum fitness values. FRT is a nonparametric tool
for determining error variations through several trials. The
term nonparametric refers to a test that does not presume the
data comes from a specific distribution. The ranking of all
algorithms is provided in Table 14.

From Table 14, it is observed that the proposed OBEO
algorithm performs better for all PV models in terms of Min,
standard deviations, runtime, and FRT rank, followed by EO,
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Fig. 20. Twenty feasible /-V curves of the TP280 PV module for the TDM
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Table 12 Calculated and

e | Runno Iy (A) I (A) n, n, ny R(Q) R,(©Q)  I,A) Iy A) E

optimized parameters of the

ASM-7-PERC-365 PV module 1 240E—10 2.01E-07 1.0604 1.9990 2.0016 0.0010 200.0000 9.9300 6.97E—06 0

for the TDM 2 1.O0E—09 1.00E-09 1.1241 1.9528 2.0392 0.0017 200.0000 9.9301 7.51E—06 0
3 343E-10 1.31E-07 1.0746 2.0000 2.0281 0.0046 190.0731 9.9302 7.32E—06 O
4 5.06E-11 1.08E—08 2.0000 1.2490 2.0000 0.0010 189.5850 9.9301 3.43E—06 O
5 1.00E—09 1.09E-07 1.1196 2.0000 2.4610 0.0015 196.9043 9.9301 4.08E—-05 0
6 8.70E—10 7.67E—07 1.1174 1.7929 2.0000 0.0339 198.6507 9.9317 2.57E—06 0
7 1.95E-10 1.00E-09 2.0000 1.1248 2.0008 0.0015 199.2431 9.9301 6.18E—-06 0
8 933E-10 1.00E-09 1.1211 1.9527 2.0000 0.0041 195.9604 9.9302 6.01E—06 O
9 239E-10 2.31E-07 1.0582 1.8594 2.0000 0.0016 165.0070 9.9301 5.38E—06 O
10 3.13E-10 7.15E-08 1.0723 1.7214 2.0000 0.0019 199.7587 9.9301 6.55E—06 O
11 9.98E—10 1.00E-09 1.1200 1.8951 2.1051 0.0010 153.2647 9.9301 7.33E—06 O
12 741E-10 4.94E-07 1.1089 2.0000 2.0000 0.0074 179.3179 9.9304 5.02E—06 O
13 9.96E—10 1.00E-09 1.1174 1.9567 2.0598 0.0017 124.4633 9.9301 3.52E—06 O
14 743E-10 9.08E—07 1.1090 2.0000 2.0028 0.0014 173.1075 9.9301 4.65E—06 O
15 225E-10 1.00E—09 1.9467 1.1248 2.0000 0.0010 198.8031 9.9300 6.16E—06 O
16 9.70E-10 1.00E-09 1.1174 19769 2.0012 0.0010 131.0375 9.9301 3.15E—06 O
17 1.27E-10 1.00E-09 1.7243 1.1190 2.0000 0.0144 139.4301 9.9310 3.22E-06 0
18 848E—10 4.91E-07 1.1165 2.0000 2.0333 0.0012 200.0000 9.9301 6.88E—06 0
19 8.56E—10 2.88E—07 1.1127 1.9982 2.0454 0.0010 144.9010 9.9301 4.76E—06 O
20 1.00E—09 3.44E—07 1.1243 1.9934 2.0003 0.0065 198.2362 9.9303 5.59E—-06 0

Table 13 Calculated and optimized parameters of the ASM-7-PERC-365 PV module for the TDM

Run no 1y (A) 1y (A) n, ny ny R, (Q) R, Q) I, (A) 145 (A) E

1 9.15E-10  3.00E—07  1.0704  1.9459  2.0000  0.0010  200.0000 83300  1.66E-05 0

2 1.00E—09  1.83E-08  1.0745  2.0000  2.0000  0.0010  200.0000 83300  1.68E—05 0

3 928E-10  2.10E-07  1.0711 1.9374 20000  0.0010  200.0000 83300  1.66E—05 0

4 1.00E—-12  3.29E-07  2.0000 14170  2.0000  0.0020  180.7019  8.3301 1.93E=06 0

5 1.00E—09  1.00E-09  1.0745  2.0000  2.0000  0.0010  200.0000 83300  1.69E-05 0

6 1.04E—11  2.18B-07 19666 13866  2.0818  0.0084  192.6414 83304  6.10E-06 0

7 3.67E-10  325E-07 13849 14177 20000  0.0012  190.1841 83301  2.86E-06 0

8 1.00E—09  9.31E-08  1.7849 13205  2.0000  0.0010  137.1129 83301  242E-06 0

9 935E—10  1.00E—09  1.0685 14455 20340  0.0010  176.8955 83300  1.80E-05 0

10 492E-10  5.70E—08  2.0000 12964  2.0396  0.0010  198.8765 83300  1.20E-05 0

11 L.OOE-09  1.07E—-09  1.0745 19958  2.0000  0.0010  199.9799 83300  1.69E-05 0

12 859E—10  1.00E-06  1.0598 19119  2.0034  0.0010  128.2849 83301  9.15E-06 0

13 841E—12  434E-07 19324 14382 20299  0.0010  182.1301 83300  7.56E-07 0

14 842E—10  1.08B-09  1.0641 15819 20317  0.0167  196.4422 83307  1.84E-05 0

15 941E-10  3.80E-08  1.0716 19629  2.0000  0.0010  199.1582 83300  1.68E-05 0

16 1.0IE-12  4.75E—07 15375 14458  2.0744 00055  193.6325 83302  1.0lE-06 O

17 1.00E-09  890E—07  1.0692  1.9991 22255  0.0012 1983715 83300 4.16E-05  3.16E-30

18 1.00E-09  1.00E—09  1.0654  1.5658 23837  0.0054  174.8530 83303  6.93E-05 0

19 206E—-10  347E-07  2.0000 14192 20066  0.0010  168.8046 83300  6.09E—07 0

20 794E—11  7.78E-07 09685  1.7978  2.0009  0.0010  199.0397 83300  1.64E-05 0
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Fig.21 TDM of the ASM-7-PERC-365 PV module; a parallel coor-
dinated plot; b -V curve comparison between estimated and data-
sheet

ALO, WOA, PSOGWO, GWO, and GWOCS. The minimum
value of standard deviation indicates the reliability of the
algorithms. Based on obtained Min and standard deviation
values, it is concluded that the proposed OBEO algorithm
is a robust tool for estimating the parameters of the solar
PV module.

5 Conclusion

This paper presents an estimation of the PV module parame-
ters by using the datasheet information at three /-V operating
points, such as I, V.., and MPP, by applying the selected
meta-heuristic algorithms. The optimization of parameters is

s o o
E N - T - -]

Normalized Values

et
15

Optimized Parameters

(a)

carried out for the three different PV models of three differ-
ent commercial PV modules. For all the PV models, partial
parameters are estimated (2 for all PV models) through the
analytical method, and partial parameters are optimized (3
for SDM, 5 for DDM, and 7 for TDM) through optimiza-
tion algorithms. The application of the OBEO algorithm
for the parameter estimation problem is explained in detail,
whereas other algorithms, such as GWO, ALO, WOA, EO,
PSOGWO, and GWOCS, are directly applied to the param-
eter estimation problem without any comprehensive expla-
nation. The simulation study and further statistical analysis
showed that no single I-V curve is possible with a few infor-
mation from the manufacturer datasheet. The /-V relation
would be satisfied by different sets of optimum parameters
at all three points. Therefore, the researcher can select any
one of the optimal set of parameters from the set of results
for their further applications. For an accurate and unique
I-V curve of the PV module, more experimental data are
required. Although the studies are carried out in standard
testing conditions for the PV modules, the results are also
valid for other solar irradiation and temperature. Many opti-
mal parameter sets can be achieved at any temperature or
solar irradiation in several runs, and the /-V relation in three
points can be followed by each parameter set.

In future studies, the proposed OBEO algorithm can also
be applied to other engineering problems, such as optimal
power flow, charge scheduling, charging station placement
in electric vehicles, economic load dispatch, power system
stability, image enhancement, image segmentation, vehicle
routing, and wireless sensor networks. Also, the OBEO algo-
rithms can be extended as binary versions, multi-objective,
and many-objective versions.
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Fig.22 TDM of the ASM-7-PERC-365 PV module; a parallel coordinated plot; b /-V curve comparison between estimated and datasheet
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Table 14 Summary of the statistical results of various algorithms
Model Algorithms E Run time (s) FRT rank
Min Max Mean Median SD
SDM (ASB-7-355) OBEO 0 0.0094 9.603E-06 1.073E-20 2.28E-08 15.70 1
ALO 8.661E-20  0.0108 1.10E-05 330E-12  3.42E-04 61.93 4
GWO 2.626E—-11 0.0003 3.55E-07  5.42E-11 8.54E—-06 43.21 7
GWOCS 2.599E-15 0.0176 1.77E-05 1.49E-10  5.56E-04 18.34 6
EO 5.074E-29  4.170E-07 1.37E—-09  3.96E-15 2969E-04  47.31 2
PSOGWO  6.730E—-17  0.0017 335E-06  5.33E-14  7.47E-05 45.08 5
WOA 5.285E-20  0.0026 3.86E—06 1.06E—-19 8.44E-05 47.50 3
SDM (ASM-7-PERC-365) OBEO 0 0.0214 2201E-05 1.106E-20 6.77E—07 14.76 1
ALO 8.367E-22  0.0003 1.02E-06  4.73E-12 1.22E-05 60.93 3
GWO 2.844E-13  0.0008 9.26E-07 6.02E-10  2.42E-05 54.76 6
GWOCS 3.258E-11 0.0001 1.50E-07 2.76E-10  4.56E—-06 17.16 7
EO 2.824E-27 1.897E-02 2.46E—05 6.29E-14  6.12E-04 59.31 2
PSOGWO  1.524E-15 0.0026 1.24E-05 1.30E-11 1.68E—-04 55.43 5
WOA 1.093E-20  0.0005 6.71E-07  6.29E-18 1.58E-05 48.32 4
SDM(TP280) OBEO 0 5.265E-04 5.636E—07 9.719E-26 1.65E-06 14.40 1
ALO 2.822E—-19  0.0007 3.04E-06  2.17E-13 3.16E-05 61.25 3
GWO 7.431E-13 0.0051 5.17E-06  2.57E-11 1.62E-04 46.21 6
GWOCS 1.010E-11 0.0006 1.14E-06  5.55E-10  2.31E-05 16.92 7
EO 7.293E-25 5.033E-04 1.23E-06  2.80E-14 1.93E-05 47.33 2
PSOGWO  1.373E-13 0.0047 5.21E-06 1.37E-13 1.48E-04 49.56 5
WOA 1.487E-18 0.0002 5.15E-07 1.44E-16  9.65E-04 49.83 4
DDM (ASB-7-355) OBEO 0 6.362E—-05 1.124E-07 O 2.51E-06 28.30 1
ALO 8.327E-21 0.0418 4.18E-05 6.91E-14 1.32E-03 97.27 4
GWO 7.572E—-15 0.2532 2.55E-04  239E-11 8.01E-03 49.08 6
GWOCS 5.881E-12 11.9881 1.20E-02  7.31E-11 3.79E-01 47.64 7
EO 7.741E-28  4.808E-02 5.27E-05 3.04E-18 1.53E-03 58.51 2
PSOGWO  8.972E-17  0.0260 2.72E-05 3.98E-13 8.24E-04 55.30 5
WOA 2.820E-22  0.0003 2.88E-07  2.12E-17 8.50E—-06 44.89 3
DDM (ASM-7-PERC-365) OBEO 0 3.68E-06 3.76E—09 1.30E-13 1.16E-07 28.33 1
ALO 7.556E—-19 6.162E-05 2.895E—07 1.405E-12 3.21E-06 131.69 4
GWO 1.654E-12  0.0022 2.66E—06 1.13E-10  6.88E—05 46.40 6
GWOCS 1.283E-11 11.3783 1.16E-02  3.27E-10  3.60E—01 48.82 7
EO 2.798E-25 5.741E-04 8.38E—07 1.58E—-18 1.95E-05 49.54 2
PSOGWO  7.368E—14  0.0006 3.30E-06 1.32E-11 4.52E-05 50.04 5
WOA 2.320E-21 0.0005 4.60E-07 1.02E—-18 1.45E-05 51.41 3
DDM (TP280) OBEO 0 1.76E-06  1.28E—08 1.95E-20 1.40E-07 28.35 1
ALO 7.307E-21 7.519E-05 3.488E—07 1.002E-15 4.32E-06 96.22 4
GWO 1.960E—-14  0.0001 221E-07  7.87E-11 4.11E-06 49.76 7
GWOCS 1.452E-16  6.6753 6.68E-03 9.98E-12  2.11E-01 48.25 5
EO 7.154E-26  4.235E-03 4.24E—06 8.75E—15 1.34E-04 47.70 2
PSOGWO  1476E-14  0.0031 3.15E-06  2.75E—-14  9.79E-05 47.08 6
WOA 1.326E-22  0.0004 451E-07  3.35E-17 1.38E-05 45.62 3
TDM (ASB-7-355) OBEO 0 1.25E+00  1.63E—05 5.29E-19  4.06E-05 29.81 1
ALO 5.084E—-17 2.104E+00 1.142E-02 8.477E-09 7.67E-02 117.42 2
GWO 9.220E-10  0.7022 1.96E-03  4.50E—-07 3.04E-02 40.84 6
GWOCS 1.438E—-10 17.8681 298E-02  587E-05  5.74E-01 56.39 5
EO 3.119E-02  9.725E-01 3.87E-02  3.64E-02  3.63E-02 43.86 7
PSOGWO  1.230E-11 0.8697 2.41E-02 8.63E-09  9.15E-02 48.05 4
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Table 14 (continued)

Model Algorithms FE Run time (s) FRT rank
Min Max Mean Median SD
WOA 1.223E-15 1.1576 4.12E-03 6.79E—14  4.01E-02 42.58 3
TDM (ASM-7-PERC-365) OBEO 0 0.7903 1.28E-07 8.55E—18 2.63E-05 37.21 1
ALO 1.704E-17 5.050E4+00 5.858E—03 2.726E-09 1.61E-01 122.16 2
GWO 1.38E—10 1.2405103 0.001743 1.39E-07 3.95E-02 49.37 3
GWOCS 1.476E-10 25.8100 3.20E-02 1.73E-07 8.24E—01 60.75 4
EO 1.034E-02 2.962E4+00 3.14E-02 1.04E-02 1.24E-01 48.67 6
PSOGWO  2.926E-02 0.0424 3.46E-02 3.22E-02 5.06E-03 46.58 7
WOA 4.758E-05 1.4537 3.02E-03 4.76E-05 5.20E-02 43.28 5
TDM (TP280) OBEO 0 0.0350 2.70E-06 1.85E—16 2.94E-05 32.08 1
ALO 4.072E-19 2.288E—01 5.958E-04 2.764E—13 1.06E-02 122.26 3
GWO 3.35E-11 1.032052  1.30E-03 1.20E-07 3.34E-02 42.32 5
GWOCS 7.009E-10 2.6248 5.72E-03 1.19E-08 9.91E-02 65.46 7
EO 1.972E-29 1.52E4+00 5.12E-03 2.69E—12  4.88E-02 42.78 2
PSOGWO 1.027E-10 0.8163 2.23E-03 3.26E—-08 3.42E-02 44.70 6
WOA 3.265E—18 0.9970 1.09E-03 3.89E—13 3.16E—02 46.03 4
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