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Solar-energy is a clean source of energy and photovoltaic (PV) panels are
constructed from solar cells (SC) which convert energy of light into electricity
without any environmental effect. The researchers and policy makers focus on the
huge scale adoption of solar panels due to their cleaner production. However,
there is non-linear behavior in current-voltage characteristics of solar panels and
shortage of data in manufacturer’s datasheet. To enhance the efficiency of solar
panels it is mandatory to develop the PV panels scheme accurately by extracting
the basic parameters. In this research study a mathematical model of two different
solar cell models is used such as Single Diode Model (SDM) and Double Diode
Model (DDM). The Particle Swarm Optimization (PSO) is used to extract the five
and seven unknown parameters of SDM and DDM. The algorithm runs with one
thousand iterations to minimize the Root Mean Square Error (RMSE) where the
RMSE is the vector of five unknown  parameters  for
SDM(Ipp, 51, a1, Rs ,and Ry ) and seven (Ipp, sy, 152 ,aq,a; , Rs,and Rgp, )
for DDM. The superiority of the proposed PSO algorithm is proved by the
optimized results of unrevealed parameters with minimized RMSE of up to 10-.
Optimum parameter values for the solar cell models are applied on the real time
data of a 55 mm diameter commercial RTC-France SC. Finally, the results reveal
that P-V and 1-V curves exhibit the smallest deviation between estimated and real
time values. The results reveal that the proposed PSO converges to optimal
solution with least number of iterations compared to the existing metaheuristic
algorithms.
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1. Introduction

Utilization of Renewable energy sources can fulfil the
gap of demand and supply without any environmental
pollution. Among the renewable energy sources, Solar
energy is one of the mature technologies. In contrast,
non-renewable energy sources are environmental
pollutants, costly and limited in amount Due to great
dependence on renewable sources especially solar
energy whose efficiency is directly dependent on the
environmental conditions (temperature and irradiation)
the analysis for such characteristics is importance for
optimized energy production from the solar devices.
Therefore, electricity usage of solar energy source is
increased in few decades because it is clean energy
which convert light energy directly into the electricity.
Now a day the usage of solar energy has been increased
globally because of easy and free energy. The main
advantages of SCs are that they are stationary and have
not noise in there working, there are various applications
of energy from solar PV technology i.e., satellites,
heating, cooling and water treatment [7-9]. the PV is
clean source of generating power, but PV models are
non-linear. Due to incomplete data on designer’s
datasheet, there are some unknown parameters.
Different methods are proposed to increase the precision
of PV systems by explaining the parameters of the Solar
Cells. However, the literature reveals that the existing
methods suffer from inherit deficiencies in search
mechanism. Two models of solar cells with different
number of unknown parameters are presented. Single
diode models (SDMs) have five unknown parameters
and seven parameters in double diode models (DDMs).
Therefore, various methods are used for accuracy in
simulation and modelling of PV cell parameters
identification i.e. numerical simulation and adaptive
control [10-12]. The cleaning and maintenance of PV
panels is point for required accuracy [13]. The authors
in [14] used semiconductor material with P-N junction
in construction of solar cells which has space-charge
region and quasi-neutral region. The power drops in
these regions is described by diffusion of the charge
carriers and recombination. The serious consideration is
required in the construction of the solar cell model. The
defined current in ideal model of PV is named as photo-
generated current. The magnitude of generated current
in real PV model varies from the magnitude of
experiment current. This magnitude difference is
because of dropping of current in the depletion layer of
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semiconductor and this contribute to PV model in
single diode models (SDMs). New simple technique
for five loss parameters is introduced, the number five
variables were reduced to two by excluding the series
resistance and diode current in simple equation of
SDM [16]. Non-linearity in V-1 characteristics of PV
cells is main object of optimization. two methods have
been wused to extract the parameters, one is
metaheuristic optimization algorithms which has
ability to solve highly non-linear optimization
problems in large scale [16], and other is iterative
mathematical methods, various methods have been
used for estimation of these parameters i.e. iterative
mathematical technique which consider the value of
ideality factor for extraction of parameters. The nature-
inspired algorithm is iterative method and used in the
field of optimization which proved to be very efficient
for solving complex problems with different abilities
like improving accuracy, efficiency, and convergence
speed [17]. The Lambert W-Function and analytical
formulation method is also applied to datasheet of PV
cells for estimation of these parameters, this method is
straight forward, non-iterative and does not require
initial values for parameters extraction. It works on
data provided by manufacturer’s datasheet and
realistic model of solar cells can be constructed from
this method [18]. Bond Graph technique is used for
identification of parameters, in this developed model
only five parameters of single diode model was
identified without iterative process.in this method data
form manufacturer’s datasheet is applied along with
ambient temperature and solar irradiation, this method
is also applicable to single diode model only. The
model with bond graph methodology allows
identifying five unknown parameters without any
process of iterations and all the parameters of PV in
this method are used as a function of recoded solar
irradiation and ambient temperatures [19]. Iterative
method is also used for the extraction of parameters
i.e., Gauss-seidel method and the least square method
[20]. For demonstrating effects of temperature and
irradiance a new analytical based method is used, in
this method the physical parameters of SDM on
standard operating conditions are used. This method
contains four mathematical equations which link
output current to output voltage in three different
conditions ie short-circuit, open circuit and maximum
power. In this method initial conditions are considered
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as numerical values of physical parameters [21]. Tow-
step linear last-square method is introduced in which
five unrevealed variables are extracted by using
coordinates of 1-V curves, with different curve fitting
points parameters are calculated like other methods it
does not require any kind of initial guess values. There
are two steps in this method, the I-V curve is divided
into two parts in which one is linear and other is
exponential [22]. Varying maximum power with respect
to two different conditions is presented the
consideration of results are taken under STC and
environmental conditions to compare the results [23].
The non-linearity and complexity of optimization
problems adopted for extraction of parameters was
resolved with metaheuristic algorithms. It becomes only
possible with fast advancement in swarm intelligence
and meta-heuristic algorithms [24]. With introduction of
metaheuristic algorithms, it becomes possible to get
values with a smaller number of iterations while
maintaining accuracy. Two problems of PV models are
considerable first is climacteric characteristics of
current-voltage data and second is growing number of
variables to be estimated. The multiple learning back
tracking search algorithm (MLBSA) is proposed to get
improved results of parameters in the world of
metaheuristic algorithms [25]. Cuckoo search algorithm
(CSA) and Grey wolf optimizer (GWO) Two methods
in combination are called GWOCS, the purpose of
combining the both methods was to get similar values of
simulation and practical results. alpha, beta and gamma
theses three decision variables are used in this method
to increase diversity of GWO. At initial ten complex
functions are tested then algorithm is applied to extract
variables under different operating conditions. This
study proved that GWO is poor at global exploration,
and this is first time used two metaheuristic algorithms
together for optimization purpose [26]. [27-34]. sine
cosine approach based on opposition is applied to
evaluate the optimum values of variables, the scheme of
opposition-based learning (OBL) and Nelder-Mead
simplex (NMs) were used. ISCA used Nelder-Mead to
explore the best position of curve which indicates the
maximum power output [35]. The literature reveals that
a lot of work is carried out to minimize error between
real time data and simulated data. However, the
techniques suffer two methodological limitations.
Firstly, the existing algorithms stuck into local or global
optima, resulting in huge errors. Secondly, even if the
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algorithms achieve minimum error but are slow in
response. Therefore, the proposed study develops PSO
based mechanism for parameter optimization of SDM
and DDM. The PSO based mechanism attains higher
accuracy with least number of iterations.

2. System Description

SDM and DDM are the electrical circuits with different
number of diodes. The electrical circuit single diode
model is shown in Fig. 1.

Iph Rs Ipv

_>Vd W\,_>

Vpv
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Photo |y ? Rek

current

Fig. 1. Single diode model
2.1. Single Diode Model
The equation of total current is

I'=1p— lqg1 —Ispeq

1)

where | indicate total current, I,, indicates photo
generated current and I, is shunt resistance current.

Appling Shockley diode equation

1=t~ I (S = 1) = (52) @

Rsn

The efficiency of SDM directly depends on the
output values of unknown parameters
(Ipn,1s1,a1, Rs ,and Rgy, ) and current voltage , The
total voltage is shown by V, Is; is diode reverse
saturation current, series resistance and shunt
resistances are written as R;and Ry, respectively. a;
non-physical idealist factor, k = 1.3806503x102 (J/K)
is the Boltzmann’s constant, the variable q =
1.60217646 x 10'°C is the charge of the electron, and
in last Tcis the temperature in Kelvin. The outputs V
and | are responsible for the efficiency of the models.
These unknown parameters are to be estimated very
carefully to enhance the efficiency of the model.

2.2. Two Diode Model

Iph Rs Ipv
—)p Vd A —>

Photo
1d: Id, g :
current i![ : i!! Rsh Vpv
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Fig. 2. Two diode model
= lgz —Isp (3)

Applying Kirchhoff’s current law in the circuit as
shown in Fig. 2, however, the equation of total current
is Eq. 4 where I, I,, and Iy, show total current,
photogenerated current and shunt resistance current
respectively. Appling Shockley diode equation to Eq. 1
we get.
| = Iph — 1, (q(V+IRs) _ 1) —I, (q(V+IRS) _ 1) _

ea1KT¢ ea2KT¢

(V+1RS) (@)

Rsn

I =1 — gy

The efficiency of DDM depends on the outputs I and
\Y and the seven unknowns
(pn 151,152 , a4, a5 , Rs , and Ry, ) which are essential

to be calculated.

where I,,, is photo generated current, Is; s

reverse saturation current for second diode, a, is non-
physical ideality factor for second diode.

3. The Objective Function for Parameters Extraction

The objective function is to minimize the RMSE value.
There are some boundary conditions for such problems
and these boundary spaces are defined in Table 1.

Table 1

The boundary limits of parameters [1].

Parameters Lower bound Upper bound
loh (A) 0 1

Is, ls2, (MA) 0 1

Rs(2) 0 0.5

Rsn(€2) 0 100

ai, a2 1 2

The mathematical formula for calculation of RMSE
is written as under:

JW,LY) =1 = ley, (®)

The vector contains decision variables for the SDM
is Y=(Ipn,Is1,a1 , Rs, Rgp, ). And the same for DDM is

Y = (Iph' Is1,153 ,a1, a3, Rs, Rp)

RMSE = \/ UNIL.U v, 1,1))? (6)
Where lexy shows the experimental value of current,

and N shows the reading data number.

3.1 Particle Swarm Optimizer

PSO is metaheuristic and population-based algorithm,
originally it was inspired by social behaviour of living
organisms. In simple it was related to the flocking birds
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in nature for food searching purpose in particular area.
The behaviour of search was related optimization
search for solutions to non-linear equation in real
world problems [36, 38-39]. It comprises of two
vectors position and velocity. The position vector
consists of the values for each of the variables in
problem, if the problem has three parameters the
particles will have position vectors in three
dimensions. To update the position of the particles the
second velocity vector is considered.

3.2 Initialization Stage

Like other particle-based techniques, the PSO initialize
the process of optimization with an initial
independently generated population from random
distribution.

3.3 Original PSO

Original PSO is very simple and easy in
implementation as defined before the PSO consists of
two vectors which are defined below equations.

X,t+1D) =X+ V(t+1 @)

In this equation the vector X;(t) represents the
position of i th particle at t th iteration. V;(t) shows
the velocity of i th particle at t th iteration.

VE+ D =wi @ + e (RO -X,0) +
C2T (T(tj - m) (8)

Where w is the weight of inertia, individual co-
efficient, r1r, are random numbers in [0,1], P;(t) is best
solution of individual swarm particles and G;(t) is the
best solution in all swarms which is also called global
best [37].

4. Simulation and Results

The results are extracted with Particle Swarm
Optimization (PSO) algorithm by simulating and
implementing the mathematical model of single diode
model (SDM) and double diode models (DDM). At the
first step simulation of mathematical model on
MATLAB software is performed to find out five and
seven parameters of SDM and DDM which define the
losses of solar cell in different regions of diodes. After
that the value of objective function is found, both
measured and simulated results are compared in the I-
V and P-V curves. The results of the proposed PSO are
benchmarked against widely used recent algorithms
like Harris Hawk Optimization (HHO) algorithm,
Grey Wolf Optimization (GWO), Artificial Bee colony
(ABC), Slime Mould Optimization (SMO) algorithms.
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The performance of PSO is validate by the comparison
of its outcomes with HHO, AEO, ABC, SMO
algorithms and previous works. In this section, we have
shown particulars of extracted results and the best values
of RMSE by above discussed techniques one by one.
The results are separated into three main parts firstly, the
extracted optimized results of each optimization
algorithm are presented in terms of RMSE Secondly
current and power are optimized and in lastly, the
simulated current and power and the real current and
power data, the absolute error for current and power data
are measured.

4.1. Results Using SDM

The results of the SDM are presented in Table 2 , and
the comparison for the single diode model (SDM) is also
presented. best RMSE values of the parameters
extracted with present work of different algorithms and
past work for comparison the results. the RMSE value
attained by GWO algorithm in previous work is
1.388476989167E-03 reference and the best value of
RMSE 9.860218778916E-04 is gained by PSO
Table 2

algorithm. The RMSE value actually shows the
accuracy of parameters extracted. Value of Iph photo
generated current calculated by GWO algorithm is
0.769969 and the best value of Iph calculated by
algorithm HHO is 0.7787793. the value of total current
I depends on the five unknown parameters Iph, Is1, al,
Rs, Rsh. The smaller the Is1 value larger the Iph value
and hence greater the value of total current I, and in
same case the Rsh if greater the Rsh value smaller the
value of shunt resistance current Ish and hence greater
the Iph value the superiority of results in terms of the
absolute error (AE) for twenty-six different curve
fitting points are presented, on each point of curve the
simulated and real time current and power values are
estimated which validate the smallest deviation
between real time and simulated results and further the
largest AE for power as estimated is 0.000504057 and
the largest AE value for current is 0.000854334 these
smallest values of errors show the accuracy of
parameters extracted by PSO algorithm, the detailed
Table 2 is given as under.

Estimated parameters for single diode model at the best root mean square error (RMSE).

Algorithm Ioh(A) Is2(MA) Rsh(€2) Rs(Q2) a RMSE
PSO 0.76077553 0.323020767 53.71852296 0.036377093 1.481185486 9.8602E-04
AEO 0.76059345 0.3302958 61.35381387 0.036457701 1.483194727 1.09E-03
ABC 0.76074675 0.454301305 61.39769802 0.034896486 1.516409376 1.20E-03
HHO 0.77877939 0.728961052 10.5169849 0.029504413 1.573134678 1.32E-02
GBO[1] 0.76077553 0.32302 53.71852549 0.036377092 1.481183596 9.86E-04
MLBSA [25] 0.7808 0.323 53.7185 0.0364 1.596658 9.8602E-04
GWO [26] 0.769969 0.91215 18.103 0.02928 1.522764245 1.39E-03
GWOCS [26] 0.760773 0.32192 53.632 0.034639 1.4808 9.8607E-04
LCJAYA[27] 0.7608 0.323 53.7185 0.0364 1.4819 4.7628 E-03

Table 3

Absolute Error (AE) of Single Diode Model at the best Root Mean Square Error using PSO.
Items Real time data Current simulated data Power simulated data

V(V) lexp(A) Isim(A) AEI(A) Psim(W) AEP(W)

1 -0.2057 0.764 0.763198174 0.000801826 -0.1571548 0.000164936
2 -0.1291 0.762 0.762031192 3.11923E-05 -0.0983742 4.02693E-06
3 -0.0588 0.7605 0.760959897 0.000459897 -0.0447174 2.70419E-05
4 0.0057 0.7605 0.759975703 0.000524297 0.00433485 2.98849E-06
5 0.0646 0.76 0.759075068 0.000924932 0.049096 5.97506E-05
6 0.1185 0.759 0.758243257 0.000756743 0.0899415 8.96741E-05
7 0.1678 0.757 0.757457432 0.000457432 0.1270246 7.67572E-05
8 0.2132 0.757 0.756657619 0.000342381 0.1613924 7.29957E-05
9 0.2545 0.7555 0.755736222 0.000236222 0.19227475 6.01185E-05
10 0.2924 0.754 0.754427778 0.000427778 0.2204696 0.000125082
11 0.3269 0.7505 0.752244642 0.001744642 0.24533845 0.000570324
12 0.3585 0.7465 0.748264917 0.001764917 0.26762025 0.000632723
13 0.3873 0.7385 0.74104133 0.00254133 0.28602105 0.000984257
14 0.4137 0.728 0.728261266 0.000261266 0.3011736 0.000108086
15 0.4373 0.7065 0.707740616 0.001240616 0.30895245 0.000542521
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16 0.459 0.6755 0.67586382 0.00036382 0.3100545 0.000166994
17 0.4784 0.632 0.63109784 0.00090216 0.3023488 0.000431593
18 0.496 0.573 0.571984087 0.001015913 0.284208 0.000503893
19 0.5119 0.499 0.499371812 0.000371812 0.2554381 0.00019033
20 0.5265 0.413 0.413140024 0.000140024 0.2174445 7.37227E-05
21 0.5398 0.3165 0.316779091 0.000279091 0.1708467 0.000150653
22 0.5521 0.212 0.21127014 0.00072986 0.1170452 0.000402956
23 0.5633 0.1035 0.101297971 0.002202029 0.05830155 0.001240403
24 0.5736 -0.01 -0.009644533 0.000355467 -0.005736 0.000203896
25 0.5833 -0.123 -0.126325618 0.003325618 -0.0717459 0.001939833
26 0.59 -0.21 -0.209145666 0.000854334 -0.1239 0.000504057

0.4 0s FERREE 5 = ~

031 06k measured

O  estimated
’('3:; 0.2 D o4l
= 5
5 0.1} < o2t
o or
-0.1 -0.2 F
-0.2 : ' : 0.4 | | | ‘ ‘ ‘ ;
-0.4 -0.2 Voltag% (Volt) 0.2 0.4 0.6 03 -02 -0.1 0 0.1 0.2 0.3 0.4 0.5 0.6

Voltage(Volt)

Fig. 3. P-V and I-V curves for Single Diode Model based on parameters estimated from PSO

4.2. Results Using DDM

The comparative analysis of results for the DDM as
shown in Table 3. It contains the calculated parameters
by each algorithm at the best RMSE. The minimized
RMSE value (9.8249E-4) by MLBSA and second-best
value is obtained by (9.8258E-4) by GBO to ensure the
accuracy of results, the absolute error (AE) for twenty-
six different curve fitting points for current and power is

Table 4

calculated same as for SDM which are shown in Table
4. The smallest value of AE for power is 1.4428E-06
and the minimized value for AE is 8.1542E-06. The
minimum AE value is2.78871E-05 and second
minimum value for current AE is 4.55844E-05. These
smallest values for the errors show the accuracy of PSO
algorithm for extracted result.

Extracted parameters for double diode model at the best root mean square error (RMSE).

Algorithm  Iph(A) Is1(nA) Is2(uA) Rsh(Q) Rs(Q) ai az RMSE
PSO 0.76077316  0.29832138 0.17266703 57.3597313 0.03611669 1.47722376 1.79923247 0.00098143
AEO (%J.176085937 8.00874808 8.55140699 S7)2.5281128 8.03463192 1.86941153 ?.53715275 0.00167419
ABC 8.76068415 8.22945539 8.16026059 57.6455425 0.03643972 1.57982286 ?.44492533 8.00100457
HHO 8.76847005 3.60847667 8.28065377 S290.0956437 3.03131463 i.55278403 1.96541109 3.00616525
GBO [1] 3.60780326 3.85705 8.2138 25.7767701 3.03679305 (15.99977618 1.44643209 5.00098258
MLBSA 0.7608 0.2273 0.7384 25.4612 8.0367 i4515 g 0.00098249
g\?\}o [27] 0.761668 0.40302 0.45338 72.52775 0.03265 1.646 1.5527 0.0022124
GWOCS  0.76076 0.53772 0.24855 54.7331 0.03666 2 1.4588 0.00098334
ELZC?AYA 0.7608 0.22596 0.7464 55.4815 0.0367 1.4518 2 0.00503457
28
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Fig. 4. (a) P-V and (b) I-V curves for Double Diode Model based on parameters estimated from PSO

Table 5

Absolute Error (AE) of Double Diode Model at the best Root Mean Square Error using PSO

0.6

Items Real time data Current simulated data Power simulated data
V(V) lexp(A) Isim(A) AEI(A) Psim(W) AEP(W)

1 -0.2057 0.764 0.76392008 7.992E-05 -0.1571548 1.64395E-05
2 -0.1291 0.762 0.762589859 0.000589859 -0.0983742 7.61508E-05
3 -0.0588 0.7605 0.761368712 0.000868712 -0.0447174 5.10803E-05
4 0.0057 0.7605 0.760246878 0.000253122 0.00433485 1.4428E-06
5 0.0646 0.76 0.759220353 0.000779647 0.049096 5.03652E-05
6 0.1185 0.759 0.758272656 0.000727344 0.0899415 8.61903E-05
7 0.1678 0.757 0.757378978 0.000378978 0.1270246 6.35925E-05
8 0.2132 0.757 0.756475097 0.000524903 0.1613924 0.000111909
9 0.2545 0.7555 0.755449536 5.04635E-05 0.19227475 1.2843E-05
10 0.2924 0.754 0.754027887 2.78871E-05 0.2204696 8.1542E-06
11 0.3269 0.7505 0.751713988 0.001213988 0.24533845 0.000396853
12 0.3585 0.7465 0.747577036 0.001077036 0.26762025 0.000386117
13 0.3873 0.7385 0.740171073 0.001671073 0.28602105 0.000647207
14 0.4137 0.728 0.727200946 0.000799054 0.3011736 0.000330569
15 0.4373 0.7065 0.706528136 2.81358E-05 0.30895245 1.23038E-05
16 0.459 0.6755 0.674596759 0.000903241 0.3100545 0.000414588
17 0.4784 0.632 0.629937375 0.002062625 0.3023488 0.00098676
18 0.496 0.573 0.571116767 0.001883233 0.284208 0.000934084
19 0.5119 0.499 0.498954416 4.,55844E-05 0.2554381 2.33347E-05
20 0.5265 0.413 0.413283433 0.000283433 0.2174445 0.000149227
21 0.5398 0.3165 0.317475765 0.000975765 0.1708467 0.000526718
22 0.5521 0.212 0.212423308 0.000423308 0.1170452 0.000233708
23 0.5633 0.1035 0.102700778 0.000799222 0.05830155 0.000450202
24 0.5736 -0.01 -0.008329945 0.001670055 -0.005736 0.000957943
25 0.5833 -0.123 -0.125347273 0.002347273 -0.0717459 0.001369164
26 0.59 -0.21 -0.208752558 0.001247442 -0.1239 0.000735991

4.3 Covergence Curves

All the algorithms run in MATLAB software with one
thousand iterations for same objective function different
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algorithms converge at different number of iterations as
shown in Fig. 5 and 6. The very first convergence point
is of PSO algorithm which converge between one
hundred iterations  with  objective  function
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minimization of 102, Other curves shown in Fig. 5 and
6 are converging greater than one hundred iterations with
objective functions. The PSO convergence curve is
shown in the last for the case of comparison, the last
curve converged at about fifty iterations for the same

Objective space

objective  function with maximum value of
minimization which is 10~ and shown clearly in Fig. 5
and Fig 6. This reveals the convergence and accuracy
of the PSO as compared to other algorithms shown in
Fig. 5 and 6.

AEO
[ -1 HHO _
210 ——ABC |
3 ——PSO
c
.§
O
o
2
3 ;-2
» 107 ]
»
O
o
10'3 i 1 | |
200 400 . 600 800 1000
Iteration
Fig. 5. Convergence curves of SDM with different algorithms and PSO
Objective space
AEO
— -1 HHO _
210 ——ABC ||
D ——PSO
c
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o
o
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1073 L ‘ ' ' '
200 600 800 1000

00 )
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Fig. 6. Convergence curves of DDM with different algorithms and PSO
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5. Discussions

The purpose of this research is to propose a search
mechanism and show its efficiency of optimization for
PV models. The efficiency of PSO is proved in name
section number by discussing the and comparative study
with other optimization algorithms. The PSO algorithm
has following advantages:

The PSO is good as optimizer algorithm, the
optimization solution generated with PSO has
best fitness values give value direct solution.

In consideration of (AE), the PSO attained the
least AE for each value current and power
between measured and simulated data which
defines the superiority of results as presented in
Table 3 and in Table 5.

The mathematical model of PSO is simple and
consists of only two equations. Therefore, it is
very easy to implement the algorithm for further
steps.

The selected values of PSO may vary in each
run, because PSO optimization technique is
based on random values. Therefore, the values
generated in one run may not guaranteed in
another run.

6. Conclusion

In this research work a new application of PSO
algorithm presented for parameters estimation of two
PV models.

The main idea of this research was to design the
two PV models efficiently for proper extraction
of their parameters.

The mathematical model of SDM was
formulated as a non-linear equation of 1 and V,
due to shortage of manufacturer’s datasheet it
is including five unrevealed parameters.

The DDM is also treated like SDM except the
number of unknowns in DDM was seven.

The main objective function of the two models
was minimizing the root mean square error
between measured and simulated values of
current, power and extracted parameters.

The R.T.C France solar cell was used for
checking the efficiency of parameters and
minimization of objective functions as well.

The PSO technique for optimization problems
was used earlier but at this time it is new

© Mehran University of Engineering and Technology 2023

technique implemented to minimize the
objective function of the loss parameters
extraction of PV cells by using two different
models SDM and DDM.

However, PSO algorithm have various
advantages such as it has good accuracy in
solution, balance, and better convergence
speed.

The outcomes achieved by the PSO are very
accurate than other competitor algorithms. For
solving the optimization problems of solar cells,
the PSO is, thus, a good candidate. In the future
work it can be used for multidimensional diodes
and models for PV parameters extraction.

7. References

[1]

[2]

[3]

[4]

[5]

[6]

[7]

AK.l. Alaa, H.H. Essam, D. Oliva and M.
Said, “Gradient-based optimizer for parameter
extraction in photovoltaic models”.

J. Jurasz, F. A. Canales, A. Kies, M. Guezgouz,
and A. Beluco, “A review on the
complementarity of renewable energy sources:
Concept, metrics, application, and future
research directions”, Sol. Energy, vol. 195, pp.
703-724, Jan. 2020.

H. M. Hasanien, “Performance improvement
of photovoltaic power systems using an
optimal control strategy based on whale
optimization algorithm”, Electr. Power Syst.
Res., vol. 157, pp. 168-176, Apr. 2018

B. Parida, S. Iniyan, and R. Goic, “A review of
solar photovoltaic technologies”, Renew.
Sustain. Energy Rev., vol. 15, no. 3, pp. 1625—
1636, 2011.

M. A. Mohamed, T. Jin, and W. Su, “An
effective stochastic framework for smart
coordinated operation of wind park and energy
storage unit”, Appl. Energy, vol. 272, Aug.
2020, Art. no. 115228.

X. Gong, F. Dong, M. A. Mohamed, E. M.
Awwad, H. M. Abdullah, and Z. M. Alj,
“Towards distributed based energy transaction
in a clean smart island”, J. Cleaner Prod., vol.
273, Nov. 2020, Art. no. 122768.

M. EI-Negamy, M. Eteiba, and G. El-Bayoumi,
““Modeling and simulation of Egyptsat-1
satellite system powered by photovoltaic

166



[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

module™, J. Amer. Sci., vol. 9, no. 1, pp. 110-
116, 2013.

M. Mostafa, H. M. Abdullah, and M. A.
Mohamed, ‘‘Modeling and experimental
investigation of solar stills for enhancing water
desalination process”, IEEE Access, vol. 8, pp.
219457-219472, 2020.

S. Mahdavi, F. Sarhaddi, and M.
Hedayatizadeh, ““Energy/exergy  based
evaluation of heating/cooling potential of
PVI/T and earth-air heat exchanger integration
into a solar greenhouse”, Appl. Thermal Eng.,
vol. 149, pp. 996-1007, Feb. 2019.

D. Kapoor, P. Sodhi, and D. Deb, “Solar panel
simulation using adaptive control”, in Proc.
IEEE Int. Conf. Control Appl., Oct. 2012, pp.
1124-1130.

D. Kapoor, P. Sodhi, and D. Deb, “A novel
control strategy to simulate solar panels”, in
Proc. Int. Conf. Signal Process. Commun., Jul.
2012, pp. 1-5.

S. Mishra, K. Bhargava, and D. Deb,
““Numerical simulation of potential induced
degradation in different thin-film solar cells
using SCAPS-1D”, Sol. Energy, vol. 188, pp.
353-360, Aug. 2019.

M. A. Soliman, H. M. Hasanien, and A.
Alkuhayli, “Marine predators algorithm for
parameters identification of triple-diode
photovoltaic models”, IEEE Access, vol. 8, pp.
155832-155842, 2020.

R. Sarjila, K. Ravi, J. Belwin Edward, K.
Sathish Kumar, and Avagaddi Prasad,
““Parameter extraction of solar photovoltaic
modules using gravitational search algorithm”,
Hindawi Publishing Corporation Journal of
Electrical and Computer Engineering Volume
2016, Article ID 2143572, 6 pages.

0. S. Elazab, H. M. Hasanien, M. A. Elgendy,
and A. M. Abdeen, ‘‘Parameters estimation of
single-and multiple-diode photovoltaic model
using whale optimisation algorithm”, IET
Renew. Power Gener., vol. 12, no. 15, pp.
1755-1761, Nov. 2018.

E. H. Houssein, Y. Mina, and E. Aboul,
“Nature-inspired algorithms: A comprehensive
review”, in Hybrid Computational

© Mehran University of Engineering and Technology 2023

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

Intelligence: Research and Applications. Boca
Raton, FL, USA: CRC Press, 2019, p. 1.

M. Bahadori, A.G. Ei-Negamy, and Ei-
Bayoumin, ‘‘Extraction of the unknown
parameters of a photovoltaic module from
manufacture datasheet”, Int. J. Innov. Sci.
Mod. Eng., vol. 3, no. 10, pp. 6-13, Sep. 2015.

J. Cubas, S. Pindado, and C. de Manuel,
“Explicit expressions for solarpanel equivalent
circuit parameters based on analytical
formulation and the Lambert W-function”,
Energies, vol. 7, no. 7, pp. 40984115, Jun.
2014.

S. Madi and A. Kheldoun, “Bond graph based
modeling for parameter identification of
photovoltaic module”, Energy, vol. 141, pp.
1456-1465, Dec. 2017.

E. Cuce, P. M. Cuce, I. H. Karakas, and T. Bali,
“An accurate model for photovoltaic modules
to determine electrical characteristics and
thermodynamic  performance parameters”,
Energy Convers. Manage., vol. 146, pp. 205-
216, Aug. 2017.

H. E. Achouby, M. Zaimi, A. Ibral, and E. M.
Assaid, ‘‘New analytical approach for
modelling effects of temperature and
irradiance on physical parameters of
photovoltaic solar module”, Energy Convers.
Manage., vol. 177, pp. 258-271, Dec. 2018.

F. J. Toledo, J. M. Blanes, and V. Galiano,
“Two-step linear least-squares method for
photovoltaic single-diode model parameters
extraction”, IEEE Trans. Ind. Electron., vol.
65, no. 8, pp. 6301-6308, Aug. 2018.

A. Chatterjee, A. Keyhani, and D. Kapoor,
“Identification of photovoltaic  source
models”, IEEE Trans. Energy Convers., vol.
26, no. 3, pp. 883-889, Sep. 2011.

B. Yang, J. Wang, X. Zhang, T. Yu, W. Yao,
H. Shu, F. Zeng, and L. Sun, ‘‘Comprehensive
overview of  meta-heuristic  algorithm
applications on PV  cell  parameter
identification”, Energy Convers. Manage., vol.
208, Mar. 2020, Art. no. 112595.

K. Yu, J. J. Liang, B. Y. Qu, Z. Cheng, and H.
Wang, “Multiple learning backtracking search
algorithm  for estimating parameters of

167



[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

photovoltaic models”, Appl. Energy, vol. 226,
pp. 408-422, Sep. 2018

W. Long, S. Cai, J. Jiao, M. Xu, and T. Wu, “A
new hybrid algorithm based on grey wolf
optimizer and cuckoo search for parameter
extraction of solar photovoltaic models”,
Energy Convers. Manage., vol. 203, Jan. 2020,
Art. no. 112243.

T.A. Jumani, W.M. Mustafa, M. Rasid, N.H.
Mirjat, Z.H. Leghari, and M.S. Saeed,
"Optimal voltage and frequency control of an
islanded  microgrid  using  grasshopper
optimization algorithm", Energies 11, no. 11:
3191, 2018.

LA. Khan, A.S. Alghamdi, T.A. Jumani, A.
Alamgir, A.B. Awan, and A. Khidrani, "Salp
swarm optimization algorithm-based fractional
order PID controller for dynamic response and
stability enhancement of an automatic voltage
regulator system", Electronics 8, no. 12: 1472,
2019.

T.A. Jumani, M.W. Mustafa, M. Rasid, N.H.
Mirjat, M.H. Baloch, and S. Salisu, "Optimal
power flow controller for grid-connected
microgrids using grasshopper optimization
algorithm”, Electronics 8, no. 1: 111, 20109.

R.M. Larik, et al., "An improved algorithm for
optimal load shedding in power systems",
Energies 11, no. 7: 1808, 2018.

T. A. Jumani, M. W. Mustafa, A. S. Alghamdi,
M. M. Rasid, A. Alamgir and A. B. Awan,
"Swarm intelligence-based  optimization
techniques for dynamic response and power
guality enhancement of ac microgrids: a
comprehensive review", in IEEE Access, vol.
8, pp. 75986-76001, 2020.

T.A. Jumani, M.W. Mustafa, M. Rasid, W.

Anjum, and S. Ayub. "Salp swarm
optimization algorithm-based controller for
dynamic response and power quality

enhancement of an islanded microgrid”,
Processes 7, no. 11: 840, 2019.

S.M.A. Althawi, A.S.B. Mokhtar, T.A.
Jumani, I. Khan, N.N. Hamadneh, A. Khan,
“Optimal design of fractional order PID
controller based automatic voltage regulator
system using gradient-based optimization

© Mehran University of Engineering and Technology 2023

[34]

[35]

[36]

[37]

[38]

algorithm”, Journal of King Saud University -
Engineering Sciences, 2021, ISSN 1018-3639.

H. Alamgir, S. Chen, A.A. Jiao, M.W. Heidari,
X. Chen, and X. Zhao, “An opposition-based
sine cosine approach with local search for
parameter estimation of photovoltaic models”,
Energy Convers. Manage., vol. 195, pp. 927—
942, Sep. 2019.

X. Jian and Z. Weng, ‘A logistic chaotic
JAYA algorithm for parameters identification
of photovoltaic cell and module models”,
Optik, vol. 203, Feb. 2020, Art. no. 164041.

S. Mirjalili, J.S. Dong, A. Lewis, A.S. Sadiq,
“Particle  swarm  optimization:  theory,
literature review, and application in airfoil
design”, Nature-Inspired Optimizers. Studies
in  Computational Intelligence, vol 811.
Springer, Cham, 2020.

L. Alhafadhi, J. Teh, C.M. Lai, M. Salem,
“Predictive adaptive filter for reducing total
harmonics distortion in pv
systems”, Energies 2020, 13, 3286.

T.Z. Ang, M. Salem et.al, “A comprehensive

study of renewable energy sources:
Classifications, challenges and suggestions”,
Energy  Strategy  Reviews, Volume
43, September 2022, 100939.

168


https://www.sciencedirect.com/journal/energy-strategy-reviews
https://www.sciencedirect.com/journal/energy-strategy-reviews/vol/43/suppl/C
https://www.sciencedirect.com/journal/energy-strategy-reviews/vol/43/suppl/C

