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Abstract: A solar cell or photovoltaic (PV) module is electrically represented by an appropriate circuit
model with certain defined parameters. The parameters are required to be correctly computed from solar
cell characteristic and/or a set of experimental data for simulation and control of the PV system. However,
experimental data or accurate characteristic data (i.e. current-voltage or I-V curve) of a PV module may
not be readily available. The manufacturer of a PV system usually provides relevant information on open
circuit, short circuit and maximum power points. Therefore, an alternate approach is to estimate the PV
system parameters by utilizing the I-V characteristic data at these three major points. The process involves
formulation and solution of complex non-linear equations from an adopted solar cell model. This paper
proposes an application of an advanced adaptive differential evolution algorithm on the problem of PV
module parameter estimation using minimum available information from the manufacturer datasheet by
implementing single-diode and double-diode models. Linear population size reduction technique of
success history based adaptive differential evolution (L-SHADE) algorithm is implemented to minimize
the error of current-voltage relationships at the above-mentioned three important points defining the I-V
characteristic. The algorithm facilitates evolution of solutions that result in almost zero error (< 10712)
at these three major points. All relevant parameters of the PV cell are optimized by the algorithm without
an assumption or predetermination of any parameter. It is observed that a set of feasible solutions
(parameters) is obtained for the PV module from multiple runs of the algorithm. The fact of attaining
several probable solutions from datasheet information using few other metaheuristics is also discussed in
this work.

Keywords: Photovoltaic module : Parameter estimation - Single-diode model - Double-diode
model - Current-voltage characteristic - Adaptive differential evolution algorithm

1. Introduction

Depletion of fossil fuels, environmental regulation and carbon tax imposition in many countries force mankind to
look for clean, replenishable sources of energy. Solar energy is a popular form of renewable energy as it is abundant
and almost ubiquitous. The energy can be directly converted to electricity by photovoltaic (PV) system. The unit of
a PV system is the PV cell. Normally, many PV cells are grouped together to form a PV module. The array of PV
modules can directly feed small DC loads. However, converter is necessary for larger application of the electricity
generated by the PV system. For effective utilization, the PV device is needed to be operated at maximum power
point (MPP). Therefore, a designer must know the appropriate model of a PV cell for the detailed study, simulation
and analysis.

A PV cell is a p-n junction diode, typically represented with an equivalent electrical circuit [1]. Depending on the
accuracy sought, the designer can assume a model with one, two or even more diodes. Single-diode model has been
the most popular model due to its simplicity coupled with an acceptable level of accuracy in representing the -V
characteristic. Double-diode model accounts for the loss in the depletion region caused by the recombination of
carriers [2]. Though three-diode model has been studied in literature [3-4], the model has not been so popular as
increment in accuracy with this model is not high enough considering the escalation in complexity due to addition
of one more diode [5]. No matter whatever circuit model is adopted for the PV system, finding the optimum circuit
parameters requires solution of transcendental equations relating I-V characteristic of the PV device. For a single-
diode model, the parameters to be found are the diode ideality factor (a), the photocurrent (Ipy), the reverse
saturation current of the diode (I,), the series resistance (Rs) and the parallel resistance (Rp). Population based
metaheuristic methods have been very effective in solving non-linear, multimodal optimization problems. In recent
years, several evolutionary algorithms (EAs) have been applied in finding optimal parameters of a PV cell. Usually
an error function between the sets of experimental and the simulated I-V data of the PV system is minimized by the
EAs to provide optimal cell parameters. Variants of particle swarm optimization (PSO) such as time varying
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acceleration coefficients PSO (TVACPSO) [6] and enhanced leader PSO (ELPSO) [7] were applied to the problem
of finding PV cell parameters. Flower pollination algorithm (FPA) [8] and hybrid [9] of FPA and Nelder-Mead
simplex methods showed promising results in minimizing the error function. An improved version of shuffled
complex evolution algorithm (ISCE) that could enhance exploration and exploitation capability of the original
algorithm was proposed in [10] and the same was implemented to PV cell parameter estimation problem. A self-
adaptive weight was incorporated into JAYA algorithm [11] in attempting the same problem. Certain adjustments
on control parameters of differential evolution (DE) were observed in [12-13] and the modified adaptive DE was
applied to error minimization objective. Chaotic maps were infused in chaotic whale optimization algorithm
(CWOA) [14] to compute and automatically adapt the internal parameters of the algorithm in solving the PV cell
problem. The literature [6-14] utilized the experimental data of selected solar cells provided in [15] at various points
of the I-V curves adopting single and/or double-diode models. Synthesized I-V data of various PV modules were
applied to evaluate the performance of penalty-based DE proposed in [16]. Experimental I-V data of various PV
modules under different temperatures and irradiance levels were used to find the cell parameters adopting DE with
integrated mutation strategy [17] and bacterial foraging optimization (BFO) [18] algorithm. Power-voltage curve of
the PV system was exploited in [19] using imperialist competitive (ICA) algorithm. In all these publications, a
reasonably large set of data was needed for parameter estimation of the PV module.

In general, the PV module manufacturers provide limited information on the system. A few articles proposed useful
methods to estimate parameters based on datasheet information. Ref. [20] presented comparison of parameter
extraction techniques of crystalline and thin-film solar-cell modules using classical Gauss-Siedel method and
analytical method. A comparative study using the iterative method and Lambert W function was exhibited in [21].
Literature [22] suggested a detailed mathematical model of the PV module focusing mainly on three major points
of open circuit, short circuit and maximum power on [-V curve. The combination of analytical and metaheuristic
methods was discovered in [23-24]. Some of the parameters of the PV system were found analytically while the
remaining parameters were estimated using particle swarm optimization (PSO) [23] and genetic algorithm (GA)
[24]. The nameplate data of solar cell were utilized in [25] for parameter extraction applying bacterial foraging
algorithm. This paper presents PV module parameter extraction using datasheet information at three major points
of [-V characteristic curve for monocrystalline, polycrystalline and thin-film solar cells. A few parameters have been
identified analytically, while the remaining parameters are optimized using linear population size reduction
technique of success history based adaptive differential evolution (L-SHADE) algorithm [26]. Similar approach in
[23] considered only single-diode model. Again, Villalva ef. al. [22] used datasheet information with analytical
derivation of only the series resistance (Rs) and parallel resistance (Rp) values in single-diode model assuming
certain values for diode ideality factor (a). This study includes both single and double-diode models without
assuming any parameter for the solar cells. A new error function considering I-V characteristic at the three major
points is formulated such that the optimization algorithm comes up with multiple probable feasible solutions from
different trial runs of the optimization algorithm. The literature [22-25] that used datasheet information (only on
three major points) for parameter extraction did not enlighten on the possibility of multiple optimal solutions during
optimization even under a defined condition of operating temperature and solar irradiance. The simple error function
together with the algorithm proposed in this work could ensure zero error at all trial runs under standard test
condition (STC). SHADE [27] is a powerful variant of DE algorithm. Classical DE requires 3-control parameters
to be user defined: scale factor (F), crossover rate (CR) and population size (Np). In SHADE, F and CR values
are automatically adapted based on the success history of earlier generations. In L-SHADE, population size (Np) is
also dynamic and it is observed that a reasonable population size generates good solutions. In summary, the
performance of L-SHADE is not so much dependent on user-defined inputs. Further, SHADE and its variant L-
SHADE have shown very promising results for optimization of discrete [28] and continuous variables [29-30].
Inspired by the growing application in power domain and its competitive performance, we employ L-SHADE
algorithm for the PV cell parameter estimation. Finally, the problem with same objective (error function) is
optimized employing some other well-known algorithms such as genetic algorithm (GA) [31], particle swarm
optimization (PSO) [32], artificial bee colony (ABC) [33], moth swarm algorithm (MSA) [34] and grey wolf
optimizer (GWO) [35]. The contributions of this work can be summarized as below:

e An error function utilizing datasheet information on three major points of the I-V characteristic of a PV cell is
proposed.

e A combination of analytical and metaheuristic methods is implemented to single and double-diode cell models.

e All PV cell parameters are optimized for both single and double-diode models without presumption of any cell
parameter.

e L-SHADE algorithm is applied to optimize the error function for different types of PV cells. A set of feasible
parameters is obtained for a cell from multiple independent runs of the algorithm.

e The results are analyzed in detail and a comparison of L-SHADE algorithm with other equivalent metaheuristics
is carried out on the problem of PV cell parameter estimation.
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The organization of the rest of the paper is as follows. Section 2 includes circuit analyses of both single-diode and
double-diode models of the PV modules. In section 3, L-SHADE algorithm is briefly presented. The objective
function and application of the L-SHADE algorithm are described in section 4. Section 5 presents the simulation
results and a detailed analysis. The comparison of results of L-SHADE algorithm and other metaheuristics is
provided in section 6. The paper ends with concluding remarks in section 7.

2.  Mathematical model and numerical data

This section presents an analysis of the equivalent circuits of an ideal PV cell and a PV module considering single-
diode and double-diode models, followed by some useful numerical data used in present study.

2.1 Mathematical model

2.1.1 Model of an ideal PV cell

Fig. 1 shows the equivalent circuit of an ideal PV cell. The output current (/) of the ideal cell is:
I'=1Ipycen —1Ip (1)

where Ipy ce; is the photovoltaic current generated by the cell due to incident light and I, is the diode current.
The diode current (Ip) is expressed by Schokley diode equation and hence Eq. (1) can be rewritten to obtain I-V
characteristic of the ideal cell as [22]:

qV
I = [PV,cell - IO,cell [exp (m) - 1] @
where Iy .o is the reverse saturation current of the diode, g is the charge of an electron (1.60217646 X
1071° Coulomb), k is the Boltzmann constant ( 1.38064852 X 10723 Joules/Kelvin), T is the absolute
temperature (in Kelvin) of the diode junction and a is the diode ideality factor.
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Fig. 1. Equivalent circuit of an ideal PV cell.

In reality, several PV cells are connected either in series or parallel to form a PV module. Here, we consider N,
number of cells are connected in series. The series connection provides greater output voltage. Subsequently, the
equivalent circuits of more practical models of PV modules are discussed.

2.1.2 Single-diode model of the PV module

_lgx

Fig. 2. Equivalent circuit adopting single-diode model of a PV module.

Fig. 2 exhibits the single-diode equivalent model of the PV module with N, series-connected cells. I-V
characteristic of the single-diode model of the PV module is given by [22]:

(I(V"‘Rs[)}_ ]_w 3)

=1y = 1o [exp{ akN,.T R
(o P
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where Ip, is the photocurrent, I, is the reverse saturation current of the PV module; Ry and R, are the
equivalent series and parallel resistances, respectively. At open circuit point we have, I =0 and V =V, (say);
then from Eq. (3) we obtain,

qV, V,
0 =ty = 1o [ex (Gever) =1 - - @
V, %
Therefore, Ipy =1 [exp <a‘12c I\CI)CT) - 1] + % %)
c P
At short circuit point V' =0 and I = I (say); then from Eq. (3) we obtain,
qRslsc Rslsc
fse =1ev = 1o [exp <akNCT) - 1] "Ry ©)
Rl Rl
Therefore, Ipy = Isc + 1y [exp <Zk1i/s’;) - 1] ;SC @)
c P
From Eq. (5) and Eq. (7) we find,
Rslsc _Voc
L Isc + Rp Rp ®
o~ aVoc \ _ qRslsc
exp (achT) exp (achT)
Substituting Eq. (8) into Eq. (5),
Rslsc _Voc aVoc \ _
_ ([SC + Rp Rp) [exp (akNCT) 1] Voc
PV Voc \ _ dRslsc Rp ©)
exp (achT) ex (achT) P
At maximum power point V = Vypp and I = Ipp (5ay); then from Eq. (3) we obtain,
q(Vupp + Rslypp) Vupp + Rslypp

2.1.3 Double-diode model of the PV module

Rs
AM\N—o0
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o

Fig. 3. Equivalent circuit adopting double-diode model of a PV module.

The equivalent circuit adopting double-diode model for the PV module is shown in Fig. 3. I-V characteristic of the
double-diode model is given by:

V + Rl

1= Ipy — Ipy — Ipy — 1
PV D1 D2 Rp ( )

. q(V + RgI) [ {q(V + RSI)} ] V + Rl
e I=Iwy—1 KA o4 QU BT I 4] - 12
e v~ lo1 [exp{ a kN.T 02 [XP 1T kN, T R, (12)

where 1,; and I,, are the reverse saturation currents of the two diodes, a, and a, are their ideality factors. At
open circuit point I =0 and V =V, therefore, from Eq. (12) we get:

qVoc qVoc Voc
0=1lpy—1I [ ( )—1]—1 [ ( )—1]-— 13
pv — lo1 |€Xp a kN, T 02 |€xXp a kN T R, (13)
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Voc V, V,
Therefore, Ipy = Ipq [exp( 1 ) 1] + 1y, [exp( 1“oc ) —1|+2 (14)

a, kN:T a,kN:-T Rp
At short circuit point V =0 and I = I, therefore from Eq. (12) we get:
qRslsc qRslsc Rglsc
e o () -] o (20) -1 - :
sc = Ipy — lo1 [exp @ kN.T o2 |exp @ kN.T R, (15)
qRslsc qRslsc Rglsc
Therefore, IPV = ISC + 101 [exp (W) - 1] + [02 [exp (W) - ] RP (16)
From Eg. (14) and Eq. (16) we find:
Rslsc _Voc _ aVoc \ _ qRslsc
I Isc + Rp Rp lox [exp (alkNCT) exp (alkNCT)] 17
0z~ ex ( 9Voc )_ex (qulsc) an
p azkNcT p akNcT
Substituting Eq. (17) into Eq. (14):
Rslsc V aVoc qRs!sc
qVoc Isc + Rp Rp —lox [exp( kNCT) —exp (alkNCT)] Voc
IPV = 101 exp - + 1 +— (18)
TN o (02 o (20 oo (25) 1]
p azkNcT akNcT xp azkNcT
At maximum power point V = Vypp and I = Ipp (say); then from Eq. (12) we obtain:
q(Vupp + Rslypp) [ {Q(VMPP + RSIMPP)} ] Vupp + Rslypp
1 =Ipy —1 —-1({—1 -1 - 19
mpp = Ipy — lp1 [€X { a kN.T oz |€ a kN, T R, (19)

2.2  Numerical data

This study considers three different types of polycrystalline, monocrystalline and thin film solar cell modules. The
typical data provided by the manufactures are listed in Table 1. It is worthwhile to mention that current and voltage
data at three major points (short circuit, open circuit and maximum power points) are explicitly given by the
manufacturer at standard test conditions (STC) i.e. temperature 25°C, irradiance 1000 W/m?.

Table 1

Electrical parameters for the PV cells at standard test conditions (STC).
Parameter Kyocera Shell SQ85 [23] Shell ST40 [23]

KC200GT [36]

Type Polycrystalline Monocrystalline  Thin film
Open circuit voltage, V. (volt) 32.9 22.20 23.30
Short circuit current, I (amp) 8.21 5.45 2.68
Voltage at maximum power, Vypp (volt)  26.3 17.20 16.60
Current at maximum power, Ipp (amp) 7.61 4.95 241
Temperature coefficient of V¢, Ky oc -0.123 -0.0725 -0.1
(volt/°C)
Temperature coefficient of Isc, K¢ 3.18x1073 0.8x10° 0.35x1073
(amp/°C)
Number of cells in series, N, 54 36 36

3. Linear population reduction technique of success history based adaptive differential evolution
(L-SHADE) algorithm

Differential evolution (DE), a population based stochastic algorithm, is fast and reliable for optimization of non-
linear, multimodal and constrained problems. The performance of DE vastly depends on 3-control parameters: the
scaling factor (F), the crossover rate (CR) and the population size (Np), and also in addition, the selected mutation
/ crossover strategies [37]. Instead of fixed control parameters, dynamically adjusted parameters have shown
superior performance. In success history based adaptive DE (SHADE) [27], the online adaptation of control
parameters F and CR is executed based on success history of these parameters in previous generations. L-
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SHADE [26] algorithm incorporates the linear population size reduction technique into SHADE. The population
size is linearly reduced in successive generations. The steps involved in L-SHADE algorithm are briefly described
in this section.

3.1 Initialization

The DE process is initialized by randomly generating a pool of candidate solutions within the defined feasible
bounds (between maximum & minimum). If the initial selected population size is Npj,i, Npj; numbers of
decision vectors are created with each vector being of dimension d i.e. the dimension of the problem. A sample
initialization of j-th component of the i-th decision vector can be expressed as:

0
xi(,j) = xmin,j + randi,j [011] * (xmax,j - xmin,j) (20)
where rand,; ;[0,1] is a uniformly distributed random number lying between 0 and 1 and superscript ‘0’ represents

initialization; { = 1,2,...,Np;,; and j = 1,2,...,d.

3.2 Mutation
After initialization, the mutation operation produces a donor/mutant vector vl.(G) corresponding to each population
(@)

member or target vector Xx;

strategy defined as:

in the current G-th generation. L-SHADE adopts ‘current-to-pbest/1’ mutation

@ _ @) @) (,.(&) @) @) (@ @
v = a7 + B (gpese — %) +F (xRi —xRé) €2y

@
pbest

selected from the top Np X p (p € [0,1], and the product is rounded up to nearest integer value) best individuals

The mutually exclusive integers R & R. are chosen randomly from the population range [1, Np]; x is

of current generation. FL-(G) is the positive scaling factor at generation G for the i-th individual. If an element
vi(j) moves outside the search range boundary [X,in j, Xmax,;] during mutation, it is repaired as:

G . G

(tmin, + 203 )/2 10T < Xy
G . G

(maj +%(5)/216 035 > Xmax,j

@) _

@ = @2)

3.3 Parameter adaptation

At generation G, each individual generates a new trial vector using its own set of parameters Fi(G) and CRL.(G).
These control parameters are adapted performing the following operation:

F© = randc(uF®,0.1) (23)

CRL-(G) = randn(uCRﬁG), 0.1) (24)

where randc(uFr(G), 0.1) is the value sampled from Cauchy distribution and randn(uCRﬁG), 0.1) is the value

sampled from Normal distribution. uFr(G) is the location parameter of the Cauchy distribution, while uCRﬁG) is
the mean of Normal distribution. The fixed value of 0.1 is termed as the scale parameter for Cauchy distribution
and the variance for Normal distribution. The value sampled from Cauchy distribution at generation G is truncated

to 1 if FL.(G) > 1 or regenerated if Fi(G) < 0. All pF. and pCR, values are initialized to 0.5 i.e. uFr(O) =
ucC Rﬁo) = 0.5 and updated in subsequent generations following weighted Lehmer mean [26,27].

3.4 Crossover
(@)

During crossover, the mutant vector v, mixes its elements with the target vector xl.(G) to generate the

l.(G) = (ui(ﬁ), ui(g), .....,ui(‘(;)). The adapted crossover rate CRL.(G), a value within [0,1],
controls the elements which are copied from the mutant vector to the trial vector. L-SHADE employs binomial

crossover and the scheme for an element is expressed as:

trial/offspring vector u

vi(j) if j = jranq OF randi,f [01] < CRi(G)'

55) otherwise

u® = ©5)

(
xX;

where j,qnq 1S a natural number randomly chosen in the range [1, d].
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3.5 Selection

Selection process compares the fitness values of the target (parent) and trial (offspring) vectors. The fitted member
(with lower fitness value) moves to the next generation G + 1. The mathematical operation is represented as:
; (@)

+n _ Ju @i F(w @) < £(%7), 26)

ti B x{% otherwise (
i

where f(...) is the objective function.
3.6 Linear population size reduction (LPSR)

The success of SHADE is attributed to the online adaptation technique of scaling factor F and crossover rate CR.
L-SHADE arguably improves the performance of SHADE by introducing dynamic reduction of population size
Np following a linear function. At the end of generation G, the population size for the next generation G + 1
becomes:

N Pmin — N Dini

NFE 0x

As the L-SHADE mutation strategy requires minimum 4 members, Np,,;, is set to 4. NFE is the current number
of fitness evaluations, while NFE,,,, isthe maximum number of fitness evaluations. If Np(G + 1) < Np(G), the
[Np(G) — Np(G + 1)] worst ranked individuals are deleted from the population [26]. The objective function and
the selected parameters for L-SHADE algorithm are presented in section 4.

Np(G +1) = round [( )NFE + Npim-] 27)

4.  Objective function and application of L-SHADE algorithm

The objective of optimization is to estimate PV cell parameters accurately so that the data given in Table 1 for all
three major points (open circuit, short circuit and maximum power points) are satisfied. Some of the past studies
validated only the maximum power point. Here, we consider all the three points in formulation of optimization
objective. Table 2 lists the details of variables to be optimized by the algorithm and also the variables that are
calculated based on certain relationships described in section 2 for both single and double-diode models. In summary,
diode ideality factor (a), series resistance (Rg) and parallel resistance (Rp) are optimized by the algorithm for single-
diode model, while photo current (Ip),) and diode reverse saturation current (/) are derived using relationships at
short circuit and open circuit points. For double-diode model, diode ideality factors (a4, a,), series resistance (Ry),
parallel resistance (Rp) and the reverse saturation current of one diode (I,;) are optimized. Photo current (Ipy,) and
reverse saturation current of second diode (I,,) of the model are calculated from the optimized values of other
parameters using the relationships derived in section 2. More details of the analytically calculated parameters with
the relevant equation numbers are provided in Table 2.

Table 2
Optimized variables for different models of solar cells.
Model Optimized Calculated
parameters parameters
Single-diode model a,Rg, Rp Iy [Eq. (8)],
Ipy [Eq. (9)]
Double-diode model a,,a,,Rs,Rp, 157 1o, [Eq. (17)],

Ipy [Eq. (18)]

The formulation of the objective function and its solution must ensure that the targeted performance achieved for
the PV module must conform to the I-V relationships provided at the three major points. To elaborate, the estimated
parameters must generate current and voltage values of open circuit [0, V], short circuit [Is¢, 0] and maximum
power points [Iypp, Viypp] following I-V relationship. The optimization algorithm is required to minimize the errors
at these three points.

For single-diode model:
Error at open circuit point (from Eq. (5)):

qVoc Voc
#TToc = 1o [ex” (akNCT) - 1] TR, (28)
P
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Error at short circuit point (from Eq. (7)):

qRslsc Rglgc
errse = Isc + 1o [exp <akN T) - 1] + R, Ipy (29)
c P

Error at maximum power point (from Eq. (10)):
erre =1 — 1 |ex q(Vupp + Rslupp)\ - Vupp + Rslypp
MPP pv — lo [€Xp akN.T —Rp

= Iupp (30)

In similar manner, error values at these three points can be derived for double-diode model using Eq. (14), Eq. (16)
and Eq. (19). The objective of optimization is considered as sum of the squared errors. Therefore, the algorithm
shall ideally achieve zero minimum value for the aggregate error defined as:

ERR = erri; + erré + erripp @31)

Table 3
Input parameters for L-SHADE algorithm.

Parameter Single-diode Double-diode

Dimension of optimization problem, d 3 5

Initial population size, Np;p; 50 80

Maximum no. of fitness evaluations, NFE,,,, 50,000 60,000

Decision variable range [Xpin, Xmax] a =1[0.5,2.0] a; = [0.5,2.0]

Rs = [0.001,1] ohm @, = [0.5,2.0]

Rp =[50,200] ohm Iy = [1072,107%] amp
Rg = [0.001,1] ohm
Rp =[50,200] ohm

The user-defined inputs for the L-SHADE algorithm are provided in Table 3. For optimization cases of double-
diode model, a higher number of fitness evaluations is performed due to the presence of a larger number of decision
variables. L-SHADE suggested a population size of 18 times the problem dimension in [26]. However, the
population sizes in Table 3 are selected after several trials to achieve good performance. The steps involved for L-
SHADE algorithm in an optimization run are summarized below:

A. Input and initialization:
1. Input values of Npj;,;, NFE,,,, (refer to Table 3).
2. Define vector x and its range [X;in, Xmax] for different diode-models (refer to Table 3).
3. Create random initial population of Np;,; such vectors defined as x; as per Eq. (20).
4. Set generation counter G = 0, dynamic population size Np(G) = Np;,;, evaluation counter NFE =1

and control parameters uFr(O) = uCRﬁO) = 0.5.

B. Algorithm loop:
1. Evaluate f(xi(G)),i.e. ‘ERR’ as per Eq. (31) for xi(G) where i = 1 to Np(G). Increase counter NFE by
Np(G) i.e. NFE = NFE + Np(G).
2. while termination criteria NFE < NFE,,,,, do

3. for i =1 to Np(G) do

4. Adapt control parameters F; @ and ¢ R(G) as per Eq. (23) and Eq. (24).

5. Perform mutation to generate vector v as per Eq. (21). Repair if needed using Eq. (22).

6. Perform crossover to generate element u( ) as per Eq. (25) and formulate vector u( ).

7. Evaluate f(ugc)) i.e. ‘ERR’as per Eq. (31) for ulg ) Increase evaluation counter NFE bylie. NFE =
NFE + 1.

8. Select the best fit individuals for next generation using Eq. (26). If, f (u (G)) <f (x(G)) x(GH) EG).
Else x(G+1) i(G).
End for loop.

9. Update population size for next generation Np(G + 1) as per LPSR strategy in Eq. (27).
10. Increase generation counter G = G + 1. Go to step 2 of algorithm loop.
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The algorithm is developed using MATLAB software and simulations are performed on a computer with Intel Core
i5 CPU @2.7GHz and 4GB RAM. Simulation results are discussed in subsequent section.

5. Simulation results and analysis

Simulation results for different solar cells with the application of L-SHADE algorithm are summarized and analyzed
in this section. The case study for each of single-diode and double-diode models for every solar cell type
(polycrystalline, monocrystalline and thin film) is run independently for 30 times. The optimal cell parameters for
polycrystalline cell Kyocera KC200GT across 30-runs are listed in Table 4. The error function (ERR as per Eq.
(31)) value less than 10712 is treated as zero error. It is evident from the table that for numerous sets of solar cell
parameters, the constraints on three major points (open circuit, short circuit and maximum power points) are all
satisfied. Indeed, the parameters are different across all runs. The thirty I-V characteristics are developed and plotted
in Fig. 4 corresponding to the 30-sets of optimized parameters listed in Table 4 for single-diode model of KC200GT.
Following steps are implemented to develop all I-V characteristics:

1. Select a set of optimized parameters including the calculated optimal variables.

2. Discretize the voltage from 0 to Vy. volts in steps of 1 volt. Select maximum V as V.

3. Calculate I value for each of the discretized V values (i.e. V =0,1,2,...,V,.) and the selected optimized
parameters by solving Eq. (3). ‘FSOLVE’ command is used in MATLAB software.

4. As Vypp is not included in the selected V' values (due to fractional value of Vypp), I can be separately
calculated for Vypp.

5. Repeat the above steps 2 to 4 for all remaining sets of optimized parameters.

As seen from Fig. 4, all the characteristics pass through the three earmarked points given in Table 1 i.e.:
e Open circuit: V =V, =329 volt,] = 0 amp;

e Short circuit: V = 0volt,I =I5 = 8.21 amp;

e Maximum power: V = Vypp = 26.3 volt, I = Ipp = 7.61 amp.

Table 4
Optimal parameters for single-diode model of polycrystalline PV cell, Kyocera KC200GT.
Run Optimized variables Calculated optimal variables  Error
a Rs (ohm) Rp (ohm) Ip (amp)  Ipy (amp) (ERR)
1 1.2058 0.1969 117.0296 2.29E-08 8.2238 0
2 1.4551 0.0977 164.6476 6.71E-07 8.2149 0
3 1.1271 0.1936 86.04840 5.72E-09 8.2285 0
4 1.5030 0.0424 126.2485 1.12E-06 8.2128 0
5 1.4345 0.0852 131.4338 5.27E-07 8.2153 0
6 1.0275 0.2849 106.1348 7.52E-10 8.2320 0
7 1.3528 0.1479 157.2422 1.95E-07 8.2177 0
8 0.7939 0.4334 129.0794 8.50E-13 8.2376 0
9 1.4323 0.0923 138.2326 5.15E-07 8.2155 0
10 1.1210 0.2519 125.8930 5.18E-09 8.2264 0
11 1.2233 0.1938 123.7786 3.04E-08 8.2229 0
12 1.4547 0.0630 120.8723 6.61E-07 8.2143 0
13 1.2072 0.0991 72.25480 2.29E-08 8.2213 0
14 1.1508 0.2566 159.9519 9.02E-09 8.2232 0
15 0.9382 0.3752 177.2886 8.49E-11 8.2274 0
16 1.0946 0.2634 122.1451 3.10E-09 8.2277 0
17 1.4181 0.0959 133.4781 4.36E-07 8.2159 0
18 1.2386 0.1569 100.6933 3.83E-08 8.2228 0
19 1.2172 0.2049 132.9601 2.76E-08 8.2227 0
20 1.1207 0.2119 92.99420 5.09E-09 8.2287 0
21 1.2363 0.2095 156.5616 3.75E-08 8.2210 0
22 1.2171 0.1207 79.4578 2.70E-08 8.2225 0
23 1.2182 0.2156 150.0784 2.82E-08 8.2218 0
24 1.1812 0.2145 121.0717 1.52E-08 8.2245 0
25 1.5915 0.0390 191.5251 2.72E-06 8.2117 0
26 1.2629 0.1732 125.0325 5.57E-08 8.2214 0
27 1.1322 0.2520 134.0847 6.39E-09 8.2254 0
28 0.8697 0.2918 66.2440 1.12E-11 8.2462 0
29 1.3050 0.1719 154.6789 1.03E-07 8.2191 0
30 1.2759 0.1911 161.7367 6.80E-08 8.2197 0
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The difference in I-V characteristics can be attributed not only to different values of Rg and Rp, but also to the
diode ideality factor, a. The spread (scatter) of the optimal solutions (30 sets) of these 3-parameters is depicted in
Fig. 5. It is observed that the value of each of these parameters varies over a reasonably wide range. However, each
set of optimal solutions can attain zero error for the three important points. All the previous studies showed one I-
V characteristic that passes through the three major points. However, the PV cell characteristic is found to be not
unique when the designer focuses on the 3 points of open circuit, short circuit and maximum power. Now, the
question is, does a solar cell have multiple I-V characteristics? Or does a cell have different sets of optimal
parameters? In reality, a solar cell has one defined I-V characteristic corresponding to a specific set of cell
parameters. But, the user can decode that specific I-V characteristic only if experimental data are available for more
points and not limited to the 3-characteristic points. While estimating the optimum cell parameters, the targeted
aggregate error for all available experimental I-V points shall be zero. The more the number of available I-V points,
the more accurate the estimation is. Therefore, if the designer is concerned with only maximum power point, which
in most cases is true, any set of optimal parameters is good enough for simulation and analysis. However, if the
unique [-V characteristic and the corresponding set of cell parameters are desired, the datasheet information on three
characteristic points is not sufficient and more experimental I-V data points are necessary.
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Fig. 4. 30 nos. probable I-V characteristics for single-diode model of polycrystalline cell KC200GT.
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Fig. 5. Scatter of optimal solutions (30 points) for single-diode model of polycrystalline cell KC200GT.
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The same optimization study is extended to other monocrystalline Shell SQ85 and thin film Shell ST40 solar cells.
The optimized parameters across different runs for single-diode model of Shell SQ85 PV cell are provided in Table
A.1 in the Appendix. Like the earlier case with KC200GT cell, all different sets of optimal parameters are obtained
in different runs leading to zero error at three major I-V points. All 30 nos. I-V characteristics are drawn in Fig. 6.
As observed from the figure, all curves pass through the three defined points (marked in square boxes). The scatter
of optimal solutions is plotted in Fig. 7. Variation in diode ideality factor (a) is found approximately between 1 and
10 1.9, while that of parallel resistance is approximately between 75 and 160 ohms. For thin film cell ST40, the optimal
11 solutions are listed in Table A.2 in the Appendix. The multiple I-V characteristics corresponding to the optimal
12 solution sets are provided in Fig. 8, while the optimal solutions are portrayed in 3D scatter in Fig. 9. The I-V
13 characteristics of ST40 cell apparently show a wider spread due to the limited current capability of the thin film cell
14 compared to the voltage capability of the series connected cells.
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Fig. 9. Scatter of optimal solutions (30 points) for single-diode model of thin film cell ST40.

The double-diode model-based solar cell parameter estimation technique is known to provide a better accuracy.
Therefore, parameter optimization is performed for the double-diode model of the various types of solar cells
mentioned beforehand. Five variables (a,, a,, Rs, Rp, [p,) are optimized for the double-diode adopted model, while
the remaining 2 variables (Iy,, Ipy) are calculated by the relationship they share with the optimized variables. Table
5 lists the optimized parameters across different runs of the algorithm for double-diode model of polycrystalline
cell KC200GT. Like single-diode model, different sets of optimized parameters result in zero error at the three major
points. All the 30 I-V characteristics obtained from different sets of optimized parameters are displayed in Fig. 10.
Each of the curves passes through open circuit, short circuit and maximum power points. For an easy reference and
analysis of the optimized variables, the normalized values of the variables are portrayed on parallel co-ordinate plot
[38]in Fig. 11. Value of R is found to vary over a wide range. Though I,; varies from about 0.01 p.u.to 0.9 p.u.,
the absolute value of this diode saturation current is very small, in the range of few micro-ampere (nA) only. The
study results of the double-diode model for monocrystalline cell SQ85 and thin film cell ST40 are tabulated in Table
A.3 and Table A .4, respectively, in the Appendix. The results for these PV cells can be interpreted in similar manner
as the KC200GT cell. In summary, no matter whichever PV cell type we consider, or whatever PV cell parameter
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estimation model we adopt, we cannot obtain a unique I-V characteristic with information only about short circuit,
open circuit and maximum power points. The optimization based on the 3-points can lead to different characteristics
at different trials.

Table 5
Optimal parameters for double-diode model of polycrystalline PV cell, Kyocera KC200GT.
Run  Optimized variables Calculated optimal variables  Error
ERR
a @ Ry (hm) Rp (ohm) oy (amp) loo @mp) Iy (amp)  ERR)
1 1.8433 1.5196 0.0488 150.8207 6.66E-07 1.29E-06 8.2127 0
2 1.9109 1.5752 0.0322 162.6718 1.37E-07 2.31E-06 8.2116 0
3 1.7967 0.8279 0.4096 120.6687 2.50E-09 2.89E-12 8.2379 0
4 1.6179 0.8729 0.3132 95.57680 2.97E-07 1.15E-11 8.2369 0
5 1.8518 1.4143 0.1294 192.5573 1.92E-07 4.17E-07 8.2155 0
6 1.6979 1.3323 0.1584 181.2867 3.90E-07 1.41E-07 8.2172 0
7 1.6514 1.0740 0.2060 121.4418 8.50E-07 1.67E-09 8.2239 0
8 1.9925 0.9587 0.3262 114.6097 4.80E-07 1.42E-10 8.2334 0
9 1.7462 1.1150 0.2360 118.6523 3.19E-07 4.46E-09 8.2263 0
10 1.6639 1.0872 0.2606 134.9574 2.37E-07 2.56E-09 8.2259 0
11 1.5655 1.2624 0.1479 119.6371 2.32E-07 4.91E-08 8.2201 0
12 1.7419 1.2627 0.1599 122.0194 3.41E-07 5.36E-08 8.2208 0
13 1.8023 1.1142 0.1461 76.2376 7.57E-07 4.23E-09 8.2257 0
14 1.9042 1.0676 0.2536 100.4639 6.39E-08 1.78E-09 8.2307 0
15 1.4100 0.8923 0.2892 121.2395 1.01E-07 1.70E-11 8.2296 0
16 1.7000 1.3175 0.1496 143.4129 2.65E-07 1.17E-07 8.2186 0
17 1.6781 1.2195 0.1812 125.4525 3.31E-07 2.69E-08 8.2219 0
18 1.6734 1.3341 0.1145 122.3676 4.58E-07 1.39E-07 8.2177 0
19 1.7198 0.9602 0.2996 127.8893 6.96E-07 1.37E-10 8.2292 0
20 1.7148 1.1798 0.2336 160.1328 1.92E-07 1.46E-08 8.2220 0
21 1.7018 1.0946 0.2247 102.3364 2.92E-07 2.96E-09 8.2280 0
22 1.5315 1.3250 0.0941 115.7357 4.30E-07 9.55E-08 8.2167 0
23 1.8548 1.3424 0.1338 135.4045 3.55E-07 1.67E-07 8.2181 0
24 1.5236 1.2473 0.0599 87.0126 4.91E-07 2.78E-08 8.2156 0
25 1.9312 1.1642 0.2437 155.5184 2.92E-07 1.13E-08 8.2229 0
26 1.8167 1.5035 0.0393 125.7689 2.11E-07 1.11E-06 8.2126 0
27 1.6244 0.7554 0.3356 173.1607 8.83E-07 1.42E-13 8.2259 0
28 1.7809 1.0721 0.2289 90.8337 1.90E-07 1.92E-09 8.2307 0
29 1.9518 1.1876 0.1972 112.1273 3.67E-07 1.67E-08 8.2244 0
30 1.9267 1.2499 0.1343 96.5488 6.76E-07 4.45E-08 8.2214 0
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Fig. 10. 30 nos. probable I-V characteristics for double-diode model of polycrystalline cell KC200GT.
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6. Comparative study with other metaheuristics

For a comparative study, Genetic algorithm (GA) [31], particle swarm optimization (PSO) [32], artificial bee colony
(ABC) [33], moth swarm algorithm (MSA) [34] and grey wolf optimizer (GWO) [35] are applied to optimize the
error objective function proposed in this work. Single and double-diode models of polycrystalline cell KC200GT
are adopted for parameter optimization. Table 6 lists the user-defined control parameters selected after a few trials
of each of the algorithms. It is worthwhile to note that population size is dynamic in L-SHADE algorithm. Hence,
number of fitness evaluations is set as stopping criteria for the algorithm. For the remaining algorithms, the selected
numbers of iterations are equivalent to the number of fitness evaluations in L-SHADE as in each iteration ‘Np’
(population size) numbers of fitness evaluations are performed. Further, instead of static inertia weight in PSO, we
choose dynamic inertia weight where the inertia weight changes as the iteration progresses in pursuit of optimal
solutions. The inertia weight w at iteration I changes following the relationship:
w = Wmax _ I X Wmax Wmm (32)
Imax

where I,,4, is the maximum number of iterations, wy,,, and w,,;, are the selected maximum and minimum
inertia weights. Each algorithm is run 30 times with the final values of the selected control parameters. A statistical
summary of the objective function value is presented in Table 7.

Table 6
Control parameters of various optimization algorithms for KC200GT cell parameter estimation.

Algorithm  Control parameter description

Values of control parameters

Single-diode

Double-diode

GA Mutation rate (p) 0.1 0.1
Crossover probability (CR) 0.9 0.9
Population size (Np) 50 50
Maximum number of iterations 1000 1200

PSO Max inertia weight (Wy,qy) 0.9 0.9
Min inertia weight (W) 0.4 0.4
Cognitive learning factor (c;) 2 2
Social learning factor (c;) 2 2
Population size (Np) 50 50
Maximum number of iterations 1000 1200

ABC Number of onlooker bees 50 50
Population size (Np) 50 50
Maximum number of iterations 1000 1200

14
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Algorithm  Control parameter description

Values of control parameters

Single-diode

Double-diode

MSA

Number of search agents (Np)

Number of pathfinders
Maximum number of iterations

GWO

Number of search agents (Np)

Maximum number of iterations

L-SHADE

Initial population size (Np;y;)

Maximum number of fitness evaluations

50
6
1000

50
1000

50
50000

50
6
1200

50
1200

80
60000

As observed from Table 7, algorithms GA, PSO, MSA and L-SHADE could obtain zero error across all trial runs.
The worst error values for ABC and GWO algorithms are in the order of 10711, This error can also be treated as
zero for all practical applications. The optimal values of the cell parameters for all the algorithms across all 30 trial
runs (total 30 X 6 = 180 points) are shown in 3D scatter plot in Fig. 12. It can be inferred that irrespective of the
algorithm employed, the targeted performance of the solar cell can be achieved at three major points of short circuit,
open circuit and maximum power with different sets of cell parameters. The ‘total CPU time’ in Table 7 is the time
required to execute all 30 runs of the respective algorithm. GWO appears to be the fastest followed by L-SHADE
and PSO algorithms. However, an interesting point to note here is that the solutions proposed by both GWO and
PSO are more concentrated and not well spread unlike other algorithms as seen in Fig. 12. This very fact implies
the limited exploration capability of these two algorithms. Nonetheless, the objective of current study is not to claim
superiority of any algorithm over the other, but to point out to the fact that datasheet information of only on three
major points of a solar cell is insufficient to find out its unique I-V characteristic.

Table 7
Statistical summary of case studies with polycrystalline KC200GT cell using various algorithms.
Case no. Algorithm Error function (ERR) Total CPU time
Best Worst Mean Std. dev. (sec.)
KC200GT GA 0 0 0 0 70.6
(Single-diode PSO 0 0 0 0 18.1
model) ABC 0 561x1071  473x10712 1.19x 1071t 110.3
MSA 0 0 0 0 50.8
GWO 0 2.79 x 10711 527 x10712  7.80x 10712 8.2
L-SHADE 0 0 0 0 17.9
KC200GT GA 0 0 0 0 85.5
(Double-diode PSO 0 0 0 0 21.7
model) ABC 0 5.79 x 10711 484 x107'2 1.05x10"11 150.7
MSA 0 0 0 0 65.4
GWO 0 9.86 x 1011 551x 10712 1.82x 10711 10.9
L-SHADE 0 0 0 0 18.6
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Fig. 12. Scatter of optimal solutions for single-diode model of KC200GT cell using various algorithms.

7. Conclusion

This paper presents parameter estimation of PV cells by applying some selected evolutionary algorithms with the
use of datasheet information at three major points of I-V characteristic: open circuit, short circuit and maximum
power points. Parameter optimizations adopting single-diode and double-diode models for different types of PV
cells are performed in this study. Detailed circuit analyses are presented for both single-diode and double-diode
models, and parameters are extracted partly by analytical method and partly by the optimization algorithms. While
application of L-SHADE algorithm is presented in detail, the results obtained using algorithms such as GA, PSO,
ABC, MSA and GWO are succinctly exhibited. It is substantiated with simulation and analysis that a unique I-V
characteristic cannot be attained with limited datasheet information of only on the three major points. Different sets
of probable optimal parameters can satisfy the I-V relationships at the three points. Hence, importance only on all
or one of the 3-points allows the designer to choose any optimal set of parameters from the pool of optimized
solutions. In order to obtain a unique and accurate I-V characteristic of a PV cell, experimental data on more points
(definitely more than 3-major points) are necessary. Although the study is performed at STC condition for the PV
cells, the conclusion is valid for other temperatures and irradiance levels also. At any other temperature or irradiance
level, multiple sets of optimal parameters can be obtained at different trial runs and each set of parameters can
conform to the I-V relationships at the three major points.

Appendix
Table A.1
Optimal parameters for single-diode model of monocrystalline PV cell, Shell SQ85.
Run Optimized variables Calculated optimal variables  Error
a Ry (ohm) Rp (ohm) I, (amp)  Ipy (amp) (ERR)
1 1.8760 0.0850 140.9505 1.47E-05 5.4533 0
2 1.6884 0.1886 160.4777 3.56E-06 5.4564 0
3 1.3681 0.3229 120.8985 1.27E-07 5.4646 0
4 1.8148 0.1126 137.3839 9.55E-06 5.4545 0
5 1.5298 0.2552 139.8978 8.14E-07 5.4599 0
6 1.8883 0.0683 128.0143 1.59E-05 5.4529 0
7 1.6987 0.1148 90.4292 3.81E-06 5.4569 0
8 1.7975 0.1161 130.9026 8.39E-06 5.4548 0
9 1.5859 0.1624 84.5502 1.39E-06 5.4605 0
10 1.8578 0.0776 121.8453 1.29E-05 5.4535 0
11 1.1842 0.4134 118.0667 8.33E-09 5.4691 0
12 1.7939 0.1152 127.7473 8.16E-06 5.4549 0
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Run Optimized variables Calculated optimal variables  Error
a Rs (ohm)  Rp (ohm) Ip (amp)  Ipy (amp) (ERR)
13 1.4247 0.2973 124.6888 2.55E-07 5.4630 0
14 1.5183 0.2107 90.7676 7.11E-07 5.4626 0
15 1.4953 0.2776 149.8543 5.68E-07 5.4601 0
16 1.5385 0.2175 102.2491 8.80E-07 5.4616 0
17 1.3763 0.3366 151.2183 1.42E-07 5.4621 0
18 1.6329 0.2073 144.7247 2.19E-06 5.4578 0
19 1.6605 0.1533 101.3474 2.76E-06 5.4582 0
20 1.8762 0.0568 111.8192 1.46E-05 5.4528 0
21 1.5115 0.2749 160.8947 6.76E-07 5.4593 0
22 1.4193 0.3237 171.4422 2.41E-07 5.4603 0
23 1.6297 0.1246 78.8210 2.08E-06 5.4586 0
24 1.7166 0.1171 96.8097 4.43E-06 5.4566 0
25 1.8441 0.0858 123.1616 1.17E-05 5.4538 0
26 1.4075 0.2776 96.4558 2.06E-07 5.4657 0
27 1.6744 0.1879 146.4434 3.16E-06 5.4570 0
28 1.7413 0.1555 147.1881 5.48E-06 5.4558 0
29 1.7987 0.1339 158.6289 8.52E-06 5.4546 0
30 0.9867 0.5298 159.2777 1.45E-10 5.4681 0
Table A.2

Optimal parameters for single-diode model of thin-film PV cell, Shell ST40.

Run Optimized variables Calculated optimal variables  Error
a Rs (ohm)  Rp (ohm) Ip (amp)  Ipy (amp) (ERR)
1 1.1511 0.4982 64.1566 7.33E-10 2.7008 0
2 1.8294 0.6214 105.585 2.59E-06 2.6958 0
3 0.7174 0.3232 61.2282 1.30E-15 2.6941 0
4 1.2643 0.5998 67.4728 5.24E-09 2.7038 0
5 1.6910 0.9883 149.4855 8.62E-07 2.6977 0
6 1.7302 0.6131 93.1849 1.16E-06 2.6976 0
7 1.5597 0.9835 111.9217 2.41E-07 2.7036 0
8 1.1786 0.3304 63.5887 1.21E-09 2.6939 0
9 0.6415 0.4868 61.0419 2.05E-17 2.7014 0
10 0.6571 0.7136 60.9131 5.23E-17 2.7114 0
11 1.1279 0.6118 64.6170 4.68E-10 2.7054 0
12 0.7625 0.3133 61.2828 1.04E-14 2.6937 0
13 1.6438 0.2424 72.6505 5.23E-07 2.6889 0
14 1.9412 0.7136 146.7342 5.86E-06 2.6930 0
15 0.6562 0.7043 60.9154 4.94E-17 2.7110 0
16 0.5741 0.0543 61.4294 2.02E-19 2.6824 0
17 1.8872 0.5319 103.3401 3.94E-06 2.6938 0
18 1.9711 0.7104 156.0223 7.16E-06 2.6922 0
19 0.7858 0.4464 61.2645 2.77E-14 2.6995 0
20 1.8679 0.2081 81.2480 3.34E-06 2.6869 0
21 0.7951 0.1085 61.4558 4.01E-14 2.6847 0
22 1.4589 0.7394 79.2321 7.65E-08 2.7050 0
23 1.9324 0.8297 193.3936 5.61E-06 2.6915 0
24 1.1393 0.7844 66.7870 5.90E-10 2.7115 0
25 1.4305 0.1046 65.7126 5.24E-08 2.6843 0
26 0.7080 0.6789 61.0332 8.21E-16 2.7098 0
27 1.4966 0.4905 72.9187 1.16E-07 2.6980 0
28 1.1752 0.3608 63.6942 1.14E-09 2.6952 0
29 1.4319 0.4757 70.3107 5.42E-08 2.6981 0
30 0.5997 0.5016 61.0062 1.32E-18 2.7020 0
Table A.3

Optimal parameters for double-diode model of monocrystalline PV cell, Shell SQ85.

Run  Optimized variables Calculated optimal variables  Error
(ERR)
a, a Rs (ohm) Rp (ohm) Ip; (amp) lpp (amp)  Ipy (amp)
1 1.7801 1.6356 0.0797 67.1105 1.46E-08 2.17E-06  5.4565 0
2 1.8850 1.7283 0.1222 105.0533  2.41E-07 4.81E-06  5.4563 0
3 1.9220 1.3533 0.2691 79.1226 3.79E-07 1.01E-07  5.4685 0
4 1.6887 1.3038 0.1614 54.9977 6.02E-07 4.21E-08 5.4660 0
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Run  Optimized variables Calculated optimal variables  Error
(ERR)
a; az Rs (ohm)  Rp (ohm) Ip; (amp) loz (amp)  Ipy (amp)
5 1.7724 1.8279 0.0767 106.5154  5.48E-07 9.58E-06 5.4539 0
6 1.8507 1.8353 0.0550 96.8293 3.36E-07 1.06E-05 5.4531 0
7 1.8706 1.8469 0.1218 185.1248  9.18E-07 1.13E-05 5.4536 0
8 1.9168 1.8224 0.1230 162.5228  5.94E-07 9.83E-06 5.4541 0
9 1.6780 1.3580 0.3099 122.5154  3.69E-07 9.87E-08 5.4638 0
10 1.8640 1.7755 0.0857 98.1603 8.47E-07 6.59E-06 5.4548 0
11 1.9034 1.8958 0.0865 158.5245 1.09E-07 1.68E-05 5.4530 0
12 1.6000 1.6017 0.2217 142.9849 1.68E-07 1.48E-06 5.4585 0
13 1.8984 1.9061 0.0705 141.2452  6.49E-07 1.73E-05 5.4527 0
14 1.8088 1.7788 0.1230 128.8713  4.33E-07 6.95E-06 5.4552 0
15 1.7676 1.7478 0.1400 131.4551 8.65E-07 5.00E-06 5.4558 0
16 1.9255 1.7736 0.1259 132.6791 9.50E-07 6.69E-06 5.4552 0
17 1.8617 1.5541 0.2008 99.8431 4.22E-07 9.95E-07 5.4610 0
18 1.6853 1.6712 0.1568 109.1195 5.42E-07 2.56E-06 5.4578 0
19 1.7173 1.6806 0.1342 96.9424 4.18E-07 2.97E-06 5.4575 0
20 1.7824 1.8297 0.1199 158.5669  3.80E-07 1.01E-05 5.4541 0
21 1.5585 1.3653 0.1467 60.9686 5.37E-07 5.75E-08 5.4631 0
22 1.8657 1.9036 0.0187 95.9415 5.10E-07 1.68E-05 5.4511 0
23 1.7949 1.7979 0.1197 135.5270  6.21E-07 7.79E-06 5.4548 0
24 1.5485 1.4453 0.2648 114.2090  2.47E-07 2.41E-07 5.4626 0
25 1.6560 1.7532 0.1727 183.8524  3.30E-07 5.31E-06 5.4551 0
26 1.8700 1.6898 0.1723 141.4586  7.53E-07 3.40E-06 5.4566 0
27 1.7410 1.4317 0.2592 99.4174 3.10E-07 2.59E-07 5.4642 0
28 1.8105 1.5237 0.2430 132.0920  6.31E-07 7.11E-07 5.4600 0
29 1.7946 1.6643 0.2043 172.9946 1.90E-07 2.84E-06 5.4564 0
30 1.8152 1.2823 0.3677 174.2476  8.18E-07 3.63E-08 5.4615 0
Table A.4
Optimal parameters for double-diode model of thin-film PV cell, Shell ST40.
Run  Optimized variables Calculated optimal variables  Error
(ERR)
a a Rs (ohm) Rp (ohm) Ip; (amp) Ipz (amp)  Ipy (amp)
1 1.9065 1.9250 0.7522 153.0828  3.91E-07 4.82E-06  2.6932 0
2 1.8842 1.5713 0.7022 85.2624 5.20E-09 2.64E-07  2.7021 0
3 1.8206 1.8651 0.8217 153.2414  3.94E-07 291E-06  2.6944 0
4 1.6633 1.6645 0.5843 85.6029 2.50E-07 3.97E-07  2.6983 0
5 1.7872 1.6424 0.4010 76.7627 2.69E-08 5.14E-07  2.6940 0
6 1.7654 0.5556 0.2804 61.8243 6.88E-08 4.50E-20  2.6922 0
7 1.7827 1.7803 0.3720 82.9629 3.12E-07 1.42E-06  2.6920 0
8 1.9481 1.9393 0.3139 91.0962 7.28E-07 4.87E-06  2.6892 0
9 1.7463 1.5243 0.2691 73.3629 6.72E-07 7.54E-08 2.6898 0
10 1.8744 0.9899 0.2629 61.9698 1.02E-08 2.05E-11 2.6914 0
11 1.8786 1.5824 0.4708 76.8469 1.83E-07 2.77E-07  2.6964 0
12 1.8334 1.9087 0.6337 118.7946 3.00E-07 4.12E-06  2.6943 0
13 1.7719 1.6087 0.4246 76.8313 1.98E-07 3.31E-07  2.6948 0
14 1.6865 1.6602 0.6929 93.3649 2.66E-07 4.20E-07  2.6999 0
15 1.9999 1.8601 0.6178 111.4634 6.91E-07 3.00E-06  2.6949 0
16 1.8505 0.9445 0.2214 64.0935 4.61E-07 5.09E-12  2.6893 0
17 1.7570 1.7569 0.6505 99.3375 1.11E-07 1.35E-06  2.6976 0
18 1.6729 1.6724 0.9111 122.5050 1.96E-07 5.26E-07  2.6999 0
19 1.8204 1.8821 0.5948 109.8278  3.64E-08 3.76E-06  2.6945 0
20 1.8917 1.8641 0.1001 77.7228 6.09E-07 2.72E-06  2.6835 0
21 1.8190 1.8148 0.3729 85.2798 8.42E-07 1.45E-06  2.6917 0
22 1.7118 1.7139 0.5719 88.6591 8.75E-07 1.17E-07  2.6973 0
23 1.8493 1.6547 0.9511 127.7029  4.38E-08 6.07E-07  2.7000 0
24 1.8135 1.7034 0.8434 116.9312 6.80E-08 9.17E-07  2.6993 0
25 1.7555 1.6290 0.7303 99.7499 7.38E-07 2.32E-07 2.6996 0
26 1.8962 1.8917 0.6130 114.0591 2.95E-07 3.81E-06  2.6944 0
27 1.8471 1.6204 0.8066 102.8662  4.29E-07 3.75E-07  2.7010 0
28 1.8505 1.7782 0.8410 134.1845 1.38E-07 1.70E-06  2.6968 0
29 1.8732 1.7878 0.5527 94.8400 2.77E-07 1.72E-06  2.6956 0
30 1.6848 1.5866 0.1409 70.4268 3.37E-07 1.66E-07 2.6854 0
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