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Abstract

Various advantages allied with the solar PV, also faces numerous challenges that
comprise the designing of best possible configurations for solar PV arrays, optimised power
converters with converter protocols, optimised maximum power point tracking (MPPT)
techniques, and prediction of generated power under real-time environmental conditions.
Hence, various simulations are to be executed at specific software platforms through various
solar PV electrical models, where modeling of these quantified electrical equivalent models
should be reliable, robust, and accurate. In view of this it is important to comprehend that the
precision of a commercially available solar PV simulation software resides on the electrical
PV model selected, the model parameter extraction technique incorporated, and the
preciseness in estimated model parameters through various techniques.

This research aims the assessment of precise solar PV modeling parameters, validated
through experimental current-voltage (I-V) data, and to achieve this goal, the research is
divided into three key objectives. The first major contribution of the thesis includes the
physical interpretation and behavior of the solar PV, various equivalent models are studied
and characterized, where single diode model (SDM), double-diode model (DDM), and three-
diode model (TDM) are selected and considered for the implementation of various parameter
estimation approaches.

Whereas, the rest two objectives comprise the implementation of five new methodologies
for the parameter estimation under different environmental conditions. As the parameter
estimation problem is a non-linear engineering problem, where the literature recommends
precise results through metaheuristic and hybrid techniques, hence three novel metaheuristic
methodologies and two new hybrid approaches are instigated in this research.

Initially, a new Emperor Penguin Optimisation (EPO) based parameter estimation
approach for an SDM is presented, that is cohesively analysed under different sets of
temperature (T) and irradiance (G). Validation of the proposed technique is perceived on the
analysis of performance characteristics i.e. 1-V and power-voltage (P-V) of KC200GT,
PWP201, and STP6 120-36 PV modules under various simulations conditions. Moreover,

estimated results are compared with the experimental data and several established parameter
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estimation techniques in the literature for validation and demonstrate the proposed technique
with highly precise outcomes having reduced computational cost for the PV model parameter
extraction problem. The variations of estimated parameters with variables ‘T’ and ‘G’ are also
been presented for all three modules considered.

Furthermore, six case studies are considered to estimate the parameters of SDM, DDM,
and TDM through two metaheuristic techniques i.e. Pheromone Value Black Widow
Optimisation (pv-BWO) and Cannibalism Black Widow Optimisation (cn-BWO). The results
are compared on the basis of the cost associated with the objective function considered i.e.
minimum of root mean square error (RMSE), and the convergence speed to the optimal
solution, that leads towards the extraction of modeling parameters. Where, it is asserted that
pv- BWO method gives a more reliable, stable, and precise solution for unknown parameters
under investigation, on the other hand, cn-BWO exhibits high convergence ability for the
parameter estimation problem.

An experimental test is also performed in outdoor environmental conditions, where a 149
point 1-V data of EIL 75 W and SFTI 60P modules are recorded through MECO 9018BT
solar PV analyzer, where ‘G’ and ‘T’ sensor is used to record the irradiance and temperature
of the module under test. This experimental data is also incorporated for the validation of
proposed techniques.

In literature, hybrid techniques are considered the most recent techniques for parameter
estimation problems. Hence, two-hybrid approaches using two new metaheuristic algorithms,
i.e. the sailfish optimisation (SFO) and spotted hyena optimisation (SHO) framework along
with the Newton-Raphson method (NRM) are proposed and compared, to estimate the
parameters for SDM, DDM, and TDM of solar PV. Where five case studies are presented for
the investigation of the proposed methods, validated and compared through the convergence
speed, accuracy of estimated parameters, analysis of I-V, and P-V performance
characteristics.  All the proposed methodologies are state-of-the-art and certainly not
implemented for the parameter estimation problem yet in literature, where the comparison
with some existing techniques and experimental data exhibits the competence of proposed
methodologies. It is important to pronounce that the preciseness of the estimated parameters

depends on the closeness of the objective function (OF) to zero. As the information of

(ii)



exacted parameter values is not accessible, hence the degree of preciseness depends on the
experimental data only. Any diminution in the OF i.e. RMSE is observed as a significant
improvement towards the preciseness of real unknown parameter values, where the same is
well observed with the proposed methodologies that exhibits more promising results when
compared with the techniques in the literature.

KEYWORDS

Modeling of solar photovoltaic, Environmental conditions, Optimisation, Parameter
Estimation, Renewable energy, Solar Photovoltaic.
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Chapter 1
INTRODUCTION

1.1General

Electrical energy exhibits as a magical force, when a simple flipping of switch turns the
lights ‘ON’, that adds everyday convenience to the human life and it is a result of a rich history
of power generation to power utilisation i.e. a journey of about 200 years [1]. This history
includes the discovery of electrical power by Benjamin Franklin, and the concept of electrical
machines by Michael Faraday, whereas Thomas Edison contributes to the invention of the
electric bulb. At the most rudimentary level, electrical power was used for lighting purposes
only, but industrialisation in the nineteenth-century brands this magical force as a vital part of
human life. Moreover, the socioeconomic fabric of a country is also stitched with the thread of
its per capita consumption of power. Hence, to expand the limitless set of applications of
electrical power, which includes heating, lighting, communication, transport, computation, and
to keep economic competition among countries at its swing, leads the countries toward the
identification of various modes of harnessing electrical power, where hydrocarbon-based fuels
are more prominent due to industrialisation in the nineteenth century [1].

Industrialisation primes the world to the uncontrolled harnessing of electrical energy from
hydrocarbon fuels, which exhibits its toxic behaviour and is responsible for environmental
diminution. In fig. 1.1, the sector-wise installed generation in India is represented [2], it is
observed that about 60.4% of total installed power is still based on fossil fuels, while about 52.6

% is contributed by coal itself.

Nuclear
1.7%
Lignite
1.7%

‘Wind, Solar, and other RE
25.9%

Fig. 1.1 Sector-wise installed generation capacity of India by 31/Aug/2021




Hence, the production of electrical energy from renewable energy sources plays a vigorous
role, when the identification of alternate sources of energy is exercised. Renewable energy
source selection is important, not only to distress the adverse environmental aspects but also to
strengthen the economy of a country by minimising fossil fuel imports [3]-[9]. Solar
photovoltaic (PV) gain its popularity among other renewable energy sources due to the abundant
availability of solar irradiance, less installation time, and low maintenance [7]- [11].

1.2 Solar PV cell models and its physics

Solar PV cells behavior has been explained as of simple p-n junction when it is exposed to
sunlight [3], [6], [11].

Photons
/ Accumulated -ve Charge
T - - - - - - - - - - F -
n-type
Depletion _fﬁo_le_s_é ————— é)__“__""_" ___(D__é_
Region io _____ o ______& Electrons [0 0 ’
p-type o> W
/(++++++++++++ Photons

Accumulated +ve Charge

Fig. 1.2 Charge accumulation in p-n junction diode

On the basis of Quantum theory, it is elucidated that the electrons in the conduction band are
accountable for the current flow, whereas in semiconductor materials the conduction band is
empty at absolute zero temperature, moreover only one out of 10%° electrons in silicon exist in

conduction band at room temperature [3].
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Fig. 1.3 Flow of electrons and conventional current




When the p-n junction is exposed to the source of photons i.e. sunlight, they are absorbed
and hole-electron pair may be formed (as photons have sufficient energy to strike electrons from
an atom). When mobile charges reach the vicinity of the junction, the holes in the depletion
region will push the holes into the p-side and push the electrons into the n-side due to the electric
field of the depletion region as shown in fig 1.2. The p-side accumulates holes and the n-side
accumulates electrons, which creates a voltage that can be used to deliver current to a load. If
electrical contacts are made to the top and bottom of the cell the electrons flow out of the n-side
into the connecting wire, through the load, and back to the p-side [3]. When the electrons
reached the p-side, they recombine with holes and complete the circuit as shown in fig 1.3.

1.2.1 Equivalent models for solar PV cell

Based on the physical interpretation of PV cell, where specific cell configuration
subsequently forms PV module or array, various models are well elucidated in literature as the
single diode model (SDM), double-diode model (DDM), multi-diode model (MDM), and a few
of multi-dimensional models (MD»M) like junction capacitances [9].

a) ldeal PV cell model

As PV cells constitute two layers of a differently doped semiconductor, whose p-n junction is
exposed to photons [3] as shown in fig 1.2. In the absence of solar irradiation, the PV cell
behaves as a simple P-N junction diode whose I-V curve is given by the Shockley equation as
below [3]-[11]. Hence, incident photons create a potential difference, and that inturn responsible
for the flowing of charge carriers towards the external circuit results in a current i.e. denoted by

‘lio". The ideal PV cell model is well depicted in fig 1.4.

Load — ——» Vo Load
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<

Fig. 1.4 Ideal PV cell model
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The expression for diode current is observed in eq. 1.1, Vg and lq are the diode voltage and
current respectively, where the saturation current is denoted by Is. The I-V characteristic of PV

axkxT
q

with the ideality factor a, where q is the charge on an electron (1.60217646x10° C),
temperature, and Boltzmann constant (1.380650323x10%® J/K), is represented by T and k

cell can be drawn by using eq. 1.2. The thermal voltage (Vi) can be rewritten as, v, =

respectively.

Ve
o =11, :|ph—|s(e4h—1j (1.2)

b) Single diode Rse model

The Rse model of solar PV is more demonstrative if it is compared with the ideal PV cell, as Rse
model encompasses an important fact as Rse, i.e. the contact resistance of silicon and connection
lead [3], [6]-[7] that can contribute substantial changes in PV characteristic if remained
unaddressed. A single diode Rse model is represented in fig 1.5.

IIo

—
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A 4 Vi
lq
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Fig. 1.5 Single diode Rse PV model
V, =V, +1,R, (1.3)

Current ‘T’ for Rse PV model is expressed as,

[Vlo JrRsello ]
\"/
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o ph —

(1.4)

c) Single diode Rsh model (SDM)

It is important to understand that the generated photocurrent is significantly very sensitive to
the presence of light, where under shading conditions, the current through the current source
becomes zero and the diode is reversed biased [6]. During this only reverse saturation current

passes, hence a simple equivalent circuit gives no power output to the load if any one of the cells




of a module is shaded [3], as explained in fig 1.6. Therefore, to counter this, the equivalent
circuit is modified by using a parallel leakage resistance Rsh, as shown in fig 1.7, and this
showcases that the current delivers to the load through the diode and the Rsn [3]-[11]. Suitable
transactions among precision and simplicity enable SDM as the most commonly used PV model.

The current to the load can be expressed as,

Lo =15 =141, (1.5)
(When Parallel Resistance Added)
> Ilo?ﬁ 0
— > ||o:O
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- - § Load
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Fig. 1.6 Shaded cell of a module
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Lo l D Ree
Rsh VIO
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Fig. 1.7 Single diode Rsh PV model (SDM)
[(VI0+RseIIo)]
Vl
Id = Is e " l (16)
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Rsh

leakage current (li) is expressed by eq. (1.7), while substituting the lq, and Ix in eg. (1.5), it can
be rewritten as eq. (1.8), i.e. output PV current.
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d) Double diode PV model (DDM)

To consider the effect of recombination current loss in the depletion region [6], another
diode D3 is connected in parallel to the SDM. It is important to understand that, at low irradiance
conditions the two diode model brings suitable accuracy [6]. The DDM is shown in fig. 1.8 and
the current equation for the DDM s realised in eq. (1.9), where Is1 and Is> are the saturation
current for diode D1 and D2 respectively, having ideality factor of a1 and ao.
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Fig. 1.8 Double diode PV cell model (DDM)
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Rsh

e) Three diode PV model (TDM)

In the three diode model, the effect of recombination in the defect regions and grain sites are
considered, where, for D3 the diode saturation current (Is3) and ideality factor (a3) [6] are the

parameters associated with the third diode, an expression for current is given by eq. (1.10).
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Fig. 1.9 Three diode PV cell model (TDM)
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f) Junction capacitance single diode Rsh model

This model is the least considered model for the analysis and simulation of solar-based power
systems. This model includes a capacitance that considers the p-n junction capacitance (Cj) i.e.
capacitance of the depletion region [12]. This model is presented in fig 1.10, where the junction

capacitance is given by eq. (1.11), At; is the instantaneous time duration in usec, i is the mean

current flown through the capacitor during transient and AVc is the change in voltage from

steady-state charge and discharge of p-n junction capacitance Cjc.

At i
R 1.11
Jc AVC ( )
IIoI
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Iph D CJc Rse
l! l:: Ry, Vio
g lic

Fig. 1.10 Junction capacitance single diode Rsh model

g) Two Capacitance Single Diode Rsn Model

In this model two components of capacitances i.e. Cjr and Cjp are considered and that describes
the capacitance of the space charge region and neutral region respectively [12]. During reversed
bias conditions or during dark, there are few minority carriers available in the neutral region, i.e.
Cip~0, and there is a negligible drop of voltage across series resistance and this results in a

simplified equivalent circuit as shown in fig. 1.11.
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Fig. 1.11 Two capacitance single diode Rs» model

the current voltage relationship is expressed by eq. 1.12, where, Vo is the open circuit voltage,

IIo = Rse >(Voc +CjT X dvoc
dt

(1.12)
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dVOC/ B
dt

h) Modified double diode model (M-DDM)

o (1.13)

The modified double-diode model is shown in fig. 1.12, the Rs is divided into three
components Rse1, Rse2, and Rsp, wWhere the Rsp expresses the consideration of resistance due to
substrate and microscopic inhomogeneity of resistivity of grain boundaries [12]. The two diodes
Dq and Dy are connected in parallel having a=1 and a=2 respectively, that separate diffusion and
recombination current, effects of grain boundaries are completely reflected by D.
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Fig. 1.12 Modified double-diode model (M-DDM)

The equivalent current density for Dq is defined as,

Jog =q\/% x(n?/N,) (L14)

where, (, dc, 7, Ni, and Na are the charge on an electron, lifespan of minority carrier, intrinsic
carrier density, and acceptor density respectively. Moreover, the equivalent current density for

Dr is represented in eq. 1.15, where, w, is the width of the depletion layer and - is the lifespan of

the minority carrier.

Jor = (ani /er) (115)

1.3 Configuration of solar PV modules and array

Typically, a solar cell gives an output of 0.6 V, and this voltage level feeds only some limited
applications like calculators, watches, etc. Whereas, more feasible applications need
customisation of PV cells in various configurations. Given this solar PV modules act as the
building block for PV applications. PV modules consist of prewired cells in series, cased in

robust and weatherproof structure [3]. A module of 36 series cells is designated as a 12 V




module, whereas 72 cell modules are the most commonly used. A series combination of 72 cell

configuration results in an output of 24 V, where two parallel strings of 36 cells result in 12 V

output. The combination of modules for a particular voltage and current output is known as an

array as shown in fig 1.13.

PV Cell PV Module PV Array

Fig. 1.13 Solar PV cell, module, and array

1.3.1 Cell to the module configuration

When PV cells are connected in a series combination they carry the same current and the

voltages add, as shown in fig 1.14, 36 cells are connected in series and the voltage of the

modules becomes 36x0.6=21.6 V whereas, the current remains almost the same.

Current (Amp)

3 Cells 36 Cells

Series Cell Addition
—_—

Each
Cell
is of
0.6V

36x0.6 V=216 V

/

3x0.6 V=18V

Voltage (V)

—_—

Fig. 1.14 Addition of cell voltage for 36 cell module




1.3.2 Module to the array configuration

When the modules are connected in series/parallel combination then the formation is known as

an array as shown in fig 1.15.
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Fig. 1.15 Series module configuration to add voltage for a given current
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Fig. 1.16 Parallel module configuration to add current for a given voltage
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It is also important to know that to increase the voltage the modules are connected in series,
whereas for increasing current, the modules are to be connected in parallel [3]. Moreover, for
obtaining large powers from an array the modules are connected with some series as well as
some parallel connections [13]-[14]. The 1-V characteristics of the series combination, added
along the voltage axis and the total voltage is simply the sum of the voltage of each individual
module as exemplified in fig 1.15. Furthermore, the |-V characteristic for the parallel
combination of modules moves along the current axis and the total current of the array is the
algebraic sum of the individual current of each module as shown in fig 1.16.

— 5 i
——e +
1. 1
| I
V v
O & —
L 1
°- ® -
(@) (b)

Fig. 1.17 Solar PV array configuration (a) Series module strings connected in parallel

(b) Parallel module string connected in series

The high power configuration needs both series and parallel combinations as explained above

and can be classified into two arrangements,

(a) Modules are connected in series to form strings, and the strings are connected in
parallel, fig 1.17 (a).
(b) Modules are connected in parallel to form strings and these strings are connected in

series as elaborated, fig 1.17 (b).
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(c) Configuration (a) of parallel strings is preferred as if a string is removed for service then

the system still supplies the same voltage with the reduced current.

1.4 The I-V and P-V characteristics of solar PV

Let a PV module be exposed to sunlight and no load is connected to the output terminals the

voltage across the terminal is the open-circuit voltage i.e. Voc 0nly, and the current remains zero.

Power Curve

/ Current Curve

Maximum Power
Point (MPP)

| rated

Current (Amp)
—
Power (Watt)

P=0
Vrated Voc
Voltage (V)
e

Fig. 1.18 I-V and P-V curve for a PV module

P=120 W
(at MPP)
P=74W

Current (Amp)
B —

Voltage (V)
Fig. 1.19 Fill factor

Whereas, if the terminals are short-circuited then only Isc flows and Voc becomes zero, but as the

power is the product of V and I, hence in both cases the power remains zero or in other words,

12



the power delivered to the load remains zero as shown in fig 1.18. When the actual load is
connected to the PV module then it starts extracting the current from the module for a particular
voltage and results in power delivered to the load [13], [14]. As shown in fig 1.18, the maximum
power point (MPP) is the point where the product of voltage and current is maximum [7], the
current and voltage corresponding to MPP are also known as Vmpt and Impt, Whereas in ideal test
conditions it is known as Vrated and Irated.

To locate the MPP the biggest possible rectangle that fits under the 1-V curve can be
considered. As shown in fig 1.19, the side of the rectangle has V and 1 as sides, hence the area
under the rectangle illustrates the power [3]. Moreover, the fill factor is also used for module

performance analysis where,

Fill Factor = Yraes * lraes

OCX ISC

X Irated (116)

To design the best possible configuration for the solar PV array, the optimised power
converter and controller protocol, optimised MPP tracking techniques, and to predict the
estimated power under different real-time environmental conditions at specific geographies,
various simulations are to be carried out at specific platforms through the electrical model of
solar PV, and for this, modelling of solar PV electrical model should be reliable, accurate and
robust [4]-[6]. Where, inaccurate modelling of solar PV results in the undermining or oversizing
of the converter associated [15] and unrealistic array configuration, which inturn impacts the
estimation of payback period and the capital cost associated with solar PV power project. The
accuracy of commercially available solar PV simulator software depends on the electrical PV

model selected for the simulation and the model parameter extraction technique incorporated.

Table 1.1 Solar PV models and the number of unknown parameters

S. No. |PV Model Unknown Parameters
1. Ideal PV a, lph, and ls
2. Single-diode Rse model a, lph, Rse, and Is
3. Single-diode Rsh model (SDM) a, lph, Rse, Rsh and Is
4. Double-diode model (DDM) a1, a2, lph, Rse, Reh, Is1 and s
5. Three-diode model (TDM) a1, a2, 03, lph, Rse, Rsh, Ist, Is2 and Is3
6. Junction capacitance single-diode Rsh model | @, ik, Rse, Rsh, Is and Cic

*Cjc Is the junction capacitance.

Due to simplicity, SDM is the most prominently used mathematical model in literature with
Vimpt, Impt, current temperature coefficient (Ki), voltage temperature coefficient (Kv), Voc and lsc,

are the known parameters available in the manufacturer’s datasheet, whereas several parameters
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are not available with the manufacturer datasheet are categorised as unknown parameters i.e.
ideality factor (&), lpn, Rse, Rsh, @and Is, where, estimation of these unknown parameters for
mathematical modelling is acknowledged as parameter estimation problem among researchers
[4]-[11].

The number of unknown parameters that are to be estimated is based on the mathematical
model selected for the analysis. An SDM model has five unknown parameters, whereas the
DDM is characterized by seven unknown parameters. Moreover, there are multi-diode models,
where ‘d’ is the number of diodes connected in parallel, with 3+2d number of unknown
parameters [9]. Table 1.1, showcases the number of unknown parameters for various models
considered in the literature [6]. It is important to comprehend that the parameter estimation
problem is a non-linear and constrained problem, whose estimation is reviewed in literature
through various methodologies i.e. analytical, metaheuristic and hybrid, a critical literature
review is also highlighted in chapter 2, where various merits of optimisation approaches over-

analytical approaches for parameter estimation problem are underlined [6].

1.5 Research objectives

The research work presented with the tittle “Modeling and Parameter Estimation of Solar
Photovoltaic Array” holds the following research objective,

1) To consider different models of PV array for parameter estimation.

2) To analyse the impact of different environmental factors on parameter estimation.

3) To implement different techniques for parameter estimation of PV array.

1.6 Thesis organisation

This thesis represents cohesive research on modelling and parameter estimation of the solar
PV cell, module, or array. The thesis is well organised into six chapters, where each chapter
contributes to the accomplishment of the above-stated research objectives. The chapters are

outlined as,

Chapter 1: Introduction

This chapter incorporates the advantages of renewable energy sources over conventional energy
sources and the decision factors for the selection of solar PV among other renewable energy
sources. Moreover, the need for modelling and parameter estimation of solar PV along with
various solar PV models are presented. Numerous design configurations of solar PV cells,

modules, and arrays are also discussed, where special prominence is given to the I-V and P-V
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characteristics associated with the performance analysis. This chapter also enlists the research
objectives considered and the aspects in which the thesis is organised.

Chapter 2: Literature Review

A critical review of various modelling and parameter estimation techniques are highlighted in
this chapter, where the literature is broadly classified into analytical, metaheuristic, and hybrid
approaches. Moreover, various sets of conditions designed for the modelling of solar PV are also
represented. In the later part of the chapter, the author describes the contribution to the parameter

estimation problem.

Chapter 3: Emperor penguin optimisation for parameter estimation problem and impact
of environmental conditions

This chapter elaborates a new Emperor Penguin Optimisation (EPO) based parameter estimation
approach for an SDM of solar PV, that is cohesively analysed under different sets of temperature
and irradiances (G). Validation of the proposed technique is perceived on the analysis of
performance characteristics i.e. current-voltage (I-V) and power-voltage (P-V) under various
simulation conditions. Moreover, estimated results are compared with the experimental data and
several established estimation techniques in the literature for validation and demonstrate the
proposed technique with highly precise outcomes having reduced computational cost for the PV

model parameter extraction problem.

Chapter 4: Pheromone value and cannibalism based black widow optimisation approaches
In this chapter two metaheuristic approaches, i.e. Pheromone Value Black Widow Optimisation
(pv-BWO) and Cannibalism Black Widow Optimisation (cn-BWO) are proposed to model and
estimate accurate modeling parameters for six different PV modules using the SDM, DDM, and
TDM. The suggested techniques are validated through the experimental I-V and P-V
performance characteristics of all the six case studies considered. A real-time I-V and P-V data is
also recorded for two modules to affirm the suitability of the proposed methodology under real
implementation. Furthermore, a comparison of cn-BWO and pv-BWO methods of parameter
estimation results is also carried out on the basis of various error functions and performance
characteristics. The real-time 1-V and P-V data is also presented in the chapter, where the data is

logged with the help of a solar PV analyser.

15



Chapter 5: Implementation of two new hybrid approaches using sailfish and spotted hyena
optimisers

This chapter exhibits two-hybrid approaches using two new metaheuristic algorithms, i.e. the
sailfish optimisation (SFO) and spotted hyena optimisation (SHO) framework along with the
Newton-Raphson method (NRM) are proposed and compared, to estimate the parameters for the
SDM, DDM, and TDM of solar PV. Five case studies are presented for the investigation of the
proposed methods, validated and compared through the convergence speed, accuracy of

estimated parameters, analysis of 1-V, and P-V performance characteristics.

Chapter 6: Conclusions and future scope
This chapter represents the conclusion of the studies considered in the thesis as per the research

objectives framed. Moreover, some future aspects of further researches are also listed.

1.7 Chapter summary

This chapter enables us to understand the criterion for the selection of solar-based energy
conversion over other renewable energy sources. The basic physics associated with the solar PV
cell that are further articulated into modules and arrays are discussed along with the modelling of
solar PV. Various models for the modelling of solar PV are critically analysed, that includes the
SDM, DDM, TDM, and numerous capacitance models, where the importance of the parameter

estimation approach is also highlighted.
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Chapter 2
LITERATURE REVIEW

2.1 General

The selection of solar-based energy sources over other available renewable energy sources
[4]-[7] due to various outstanding advantages is already emphasized in chapter 1. Where it is
asserted that the parameter estimation problem is a concern among researchers when various
softwares are employed for the modelling and simulation of solar PV. In literature, various
methodologies are suggested for solar PV parameter estimation problem, where the classification

is carried out broadly in three categories, i.e. analytical, metaheuristic, and hybrid approaches.

2.2 Analytical methods

Analytical methods are the mathematical equation-based problem-solving approaches,
articulated through elementary functions, congruently applied to several points on I-V and P-V
characteristics through approximations, that convert the equation into a more precise format, for
instance, the Lambert W function. As it is evident that parameter estimation is a non-linear
problem, where, the solution of non-linear equations with an increase in the number of unknown
parameters became difficult by using analytical approaches [6]. In analytical approaches, the
equations or mathematical relations are to be designed for the parameter estimation, and it is in
complete congruence with the model considered. For the parameter estimation, various sets of
conditions considered to design the strategy for different PV models by using the analytical

approaches are listed below as,

2.2.1 Analytical approaches for the single-diode Rse model

As the single-diode Rse model have four unknown parameters i.e. lpn, a, ls, and Rse, then it
requires four distinct equations for their estimation, whereas the combination of open circuit
point, short circuit point, the power derivative to the voltage at maximum power point that sets to
zero and slope of I-V curve at open circuit point are most prominently used [8], [16], [17], where
the ideality factor is arbitrarily kept 1. The set of conditions considered to structure four different
equations are prescribed as [9],
under open-circuit conditions, | =0, and eq. (1.4), can be rewritten as,

0=1,, -1, e[yﬁ)—l (2.1)

ph
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where, V,, =

axkxT

q

eq. (2.1), can be rewritten as,

e, [eii‘::J 1}

short-circuit of load terminals, where, V=0 and eg. (1.4), can be modified as,

[RSEISC
_ Vin
I, = |ph -1 |e

-

eq. (2.3), can be rewritten as,

[RSQISC
_ Vin
|ph =l +1,|e

by using eq. (2.2) and eq. (2.4), we have

,{e@‘:ﬂl} ,Sc+,{el

hence, the saturation current can be calculated using,

I — SC

WY
e Vin —e Vin

where, the photo-current can be estimated by substituting eq. (2.6) in eq. (2.4)

J_l]

Rse | sc

-

RSG | SC

V!h

ISC [e[ Vth
=1_|1+

ph sc [ Voo
e Vth

)_d

Rse ! sc

Vth

)

(2.2)

(2.3)

(2.4)

(2.5)

(2.6)

(2.7)

In [75]-[77], it is observed that I, and Isc are taken equal, moreover eq. (1.4), at maximum power

point condition, gives,

[(VmthrRselmpt)
Lot = 1on — 15| €

dP

Vin

-

where the output power derivative with the voltage should be zero and evaluated as,

_dWl) _y, 40

dV|0 Max. pp

dv,,

lo dV

(2.8)

(2.9)
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further can be obtained as,

dh,

10 [Max. pp

on differentiating eq. (1.4), with respect to “Vio’, eq. (2.11) is obtained as,

dly.
av,

lo

Max. pp

_ Tmpt

V,

mpt

I (VI0+Rselloj
V,
S e th

Vth

R

\
s @ th

L Vth

[Vlo +Rsello

L

(2.10)

(2.11)

ed. (2.10) and eq. (2.11) can be equated and written as,

I (Vmpt Rl mpt ]
Vin

—Se
V g
R . [Vmpt+Rse|mptj =—" (2.12)
— %€ a Vin -1
| Vin

mpt

Furthermore, a derivative of current with respective voltage i.e. slope of I-V characteristic near

short circuit current is given by,

I [Rselscj
V,
S e th

o] V, 1
d lo — th — —_ (213)
VIO I=ls Rse RV e[i/emsc] -1 Rseo

V se ' th

th
There are two distinct sets of equations that can be employed for the estimation of four unknown
parameters of the single diode Rse model, i.e. by using eq. (2.6)-eq. (2.8), along with eq. (2.12) or
by using eq. (2.6)-eq. (2.8), along with eq. (2.13).

2.2.2 Analytical approaches for the SDM

In the case of SDM five unknown parameters i.e. Iph, a, Is, Rse, and Rsh are to be estimated, by
using five distinct equations, where in some cases ‘@’ is arbitrarily considered as in the range of
[1, 2.5]. To formulate the condition and to select five potential equations various researchers use
a different set of conditions i.e. mentioned in table 2.1, whereas the modelling of these equations

are formulated using,

the open-circuit conditions, where I, =0, eq. (1.8), can be rewritten as,

0= |ph|{e®:]1}\éﬁ (2.14)
sh
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and can be rewritten as,

V,

)y
Ly =1,| e/ =1 |+—=
sh

whereas, in the short-circuit eq. (1.8), can be modified as,

I:Qsh

{selscj R
V,
ISC I ph IS [e ! J —

eqd. (2.16), can be restructured as,
RSEISC
Ly =l +1, e[ o ]—1 Rl
sh
by using eq. (2.15) and eq. (2.17), we have
Voo Reelso
Is (e[vrh] 1}_{_\/&: |Sc + Is£e[ Vi ] 1]+ Rselsc
Rsh

hence, the saturation current can be calculated using,

I RSE I sC __ VOC
SC R R
sh sh

L)
e Vth _e Vth

where, by using eg. (2.19), in eq. (2.15),

[.RIVJ 15,

Rsh Rsh
ENES
e Vth _ e Vth

ph

1| <

sh

by using the maximum power point condition, eg. (1.8), can be rewritten as,

(Vmpt +Rse | mpt )
e[ Vin J 1 Vmpt + Rse I mpt

s
I:zsh

[, 1
dl Vin R,

lo

av &¢&W$ﬂ}&ul

Vth sh

(2.15)

(2.16)

(2.17)

(2.18)

(2.19)

(2.20)

(2.21)

(2.22)
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further, on differentiating ‘lic> concerning Vi’ at maximum power point eq. (2.23) is obtained

as,
(Vmpt JrRselmpl)
. (e[vm ]} :
dl o __ Impt _ th sh (223)
dV o Vm (Vmpl JrRselmpt)
10 | Max. pp pt Rl e[ Vir ] N & ‘1
akT @

the slope of 1-V characteristic near short circuit current and slope at open circuit point is given by

eq. (2.24) and eq. (2.25) respectively,

[RSEISCJ
Iise Vin + 1

dllo B Vth Rsh . 1 (2.2
Vol [ryr, (%= R Reo |
se’s gl Vi )y Thse 4 q
akT R,
VOC
R
Vth Rsh 1
== (2.25)
Vo R,
Rsels e(Vm] +&+1 ho
akT R,

Table 2.1 Condition sets used for formulating equations

References Voc Isc Vmpt Impt Reseo Rsho dp/dV:()
[18]-[25] v v v v v v -
[23] v v - - v v v
[24] v v v v v v
[25] v v v v v -
[26] v v v v - - v

Few researchers consider analytical approaches for the solar PV parameter estimation are well
covered in [26]-[30], whereas [18], [19], consider the Rseo and Rsho for the parameter extraction
that are not so commonly used, moreover [19] records, a comparative analysis under various sets

of temperature and irradiance.
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2.2.3 Analytical approaches for the DDM

As DDM has seven unknown parameters i.e., Rse, Rpn, lph a1, a2, Is1, and Is2, and to formulate
seven unknown parameters seven distinguish equations are required [6], where five equations
are the same as those used for SDM, whereby setting the derivative of power with voltage to
zero gives the sixth equation, and in some researches like [31] seventh equation coined by
keeping the sum of a1 and a2 to 3.

In contrast to analytical approaches,

1) An increase in the number of parameters results in more number required equations that
add more complexity and these transcendent equations are very difficult to be solved.

2) By keeping the ideality factor fixed to either 1 or 2 or the sum to 3, the precise output
from the estimated parameters-based simulation is difficult to obtain and should be
eradicated.

3) In some cases, some assumptions are considered to simplify the process of parameter
estimation which inturn reduces the expected accuracy.

4) The need of specifying the initial guesses might result in premature convergence.

To mitigate the few issues with analytical approaches numerical approaches are introduced
by the researchers. The numerical method exhibits more precise outcomes than analytical
methods [32]. Where, [25], [33], Newton Raphson (NR) [5], [34], and Gauss-Seidel [4], [5],
[22] are the most popularly used numerical technique for solar PV parameter estimation
problem. Numerical methods also exhibit a problem of premature convergence, to local minima
despite global minima, if the initial guesses for the unknown parameters are not predicted well,

a large number of unknown parameters also leads to high computational time.

2.3 Metaheuristic Approaches

Convergence and involvement of initial parameter substitution are the prominent problems
that are faced by the researchers while using analytical and numerical approaches [35], [6]. This
results in the shift of parameter estimation problems towards optimisation problems.
Probabilistic and population-based optimization is the main core of metaheuristic techniques,
these techniques hold the nature-based inspiration that is efficient enough to solve non-linear
engineering problems, hence it is also popularly used to identify the solution for the parameter
estimation problem of solar PV. Various literature follows different indexes i.e. eq. (2.26) - eq.
(2.29), for performance analysis [8], [10]. In other words, it can be established that the parameter

estimation problem is a minimisation of error problem, i.e. minimisation of error among the

experimental and estimated current, where 'J " is the vector of unknown parameters.
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Sum squared error (SSE),

n A 2
SSE = Z(I(i) —1 (vi,s)j : (2.26)
i1

Absolute error (AE),

n A
AE = Z Iy = w0, (2.27)
i=1
Mean absolute error (MAE),
1¢ a
i=1

Root mean square error (RMSE),

1 Ao
RMSE:\/HZ(IU) -1 0/“),5)] , (2.29)

i=1

In [36], parameters are estimated for SDM and DDM of RTC France by using artificial bee
colony (ABC) optimization, the experimental 1-V data is referred from [37], where RMSE is
considered as the objective function for the estimation of optimised parameters, the proposed
method in [38], signifies improved performance in the context of robustness and preciseness,
when compared with genetic algorithm (GA), harmony search (HS), bacterial foraging
optimization algorithm (BFOA), particle swarm optimization (PSO). Whereas, in [39], an
improved ABC (i-ABC), is proposed for SDM and DDM, and it exhibits improved results when
compared with chaotic PSO, simulated annealing (SA), HS, pattern search (PS), and GA. In [40],
an adaptive differential evolution (a-DE), is proposed, where two control parameters i.e. the
crossover (CR) and scaling factor (SF) are considered with RMSE as the objective function, and
experimental 1-V characteristic is used for the validation of the proposed method, where the
performance of proposed method exhibits better results when compared with a penalty based
(pb-DE) [41]. In the pb-DE [41], the results are analyzed for thin-film, mono-crystalline, and
poly-crystalline solar modules, where it outperformed SA and PSO on the basis of convergence
speed and preciseness. It is interesting to understand that in a few metaheuristic approaches, the
researchers improve the performance of existing parameter estimation techniques by
incorporating new penalty and adaptive constraints, as shown in [40]-[42]. In [42], an improved
JADE (i-JADE) is proposed for the parameter estimation problem, where a repaired adaptive

crossover rate, strategy for the scaling factor along with ranking-based mutation is considered.
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Table 2.2 Literature of Metaheuristic techniques for parameter estimation

Ref. Objective  Optimisation Data Equivalent Contribution
function technique considered Model
Considered
[36] RMSE ABC Experimental SDM Parameters are estimated by using the ABC algorithm and conclude the
-V outperformance of ABC over GA, PSO, BFOA, and HS based on
sturdiness and accurateness.
[4] RMSE SA NR Manufacturer’s SDM Performance characteristic i.e. I1-V is drawn under diverse irradiance
datasheet conditions.
Error plots are drawn for simulated and experimental module current.
The selection criterion for the SDM is elaborated and compared with
other existing mathematical models. It is highlighted that other
mathematical models diverge from the real value at low irradiance
conditions.
[36] RMSE M-ABC Experimental SDM, DDM  M-ABC algorithm is used for parameter estimation problem solution and

-V

observes its importance over PS, HS, SA, and chaotic PSO.

Fitness of SDM over DDM based on performance, i.e. only 0.79%.
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[41]

[40]

[45]

[6]

[42]

[46]

RMSE PBDE

RMSE ACSF-CR

RMSE DE, ACSF-CR

RMSE LW function

MAE Curve fitting
algorithm
RMSE, MFO
MBE,
AEMPP

Two diode
synthetic model
datasheet
Manufacturer’s

datasheet

Manufacturer’s

datasheet

Manufacturer’s

datasheet

Experimental
I-V

DDM

SDM

SDM

SDM

SDM

DDM, TDM,
MDM

Mono-crystalline, thin filmed, and multi-crystalline, solar modules are
considered for analysis.

Improved convergence, when compared with GA, SA, and PSO.

The impact of irradiance on parameters is explained, and extract different
parameters under different irradiance conditions.

More superior results are obtained when compared with the penalty-based
approach.

This adaptive DE doesn’t need any control parameter tuning.

A combination of iterative and approximation methods is presented.

A more realistic approach is presented when exposed to ‘a’ variations.

The proposed method estimates MAE between P-V curves for the
proposed model and the P-V curves from manufacturers’ datasheets under
different environmental conditions.

P-V curves are considered for parameter estimation despite of 1-V curves.
MAEP, a new error benchmark is considered.

Observe the improved performance of MFO on TDM for a more precise
depiction of the physical behaviour of multi-crystalline solar PV modules.

High convergence speed, i.e. comparable with DEIM and FPA.
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[47]

[48]

[49]

[50]

[51]

[52]

RMSE and
MAE

RMSE

RMSE,
MRE, MAE

RMSE

RMSE

RMSE

MVO

I-JAYA

ER-WCA

Im-CSA

IWOA

(R-11), R-111)

Experimental
-V

Experimental
-V

Experimental
-V

Experimental
-V

Experimental

-V

Experimental
I-V

SDM

SDM, DDM

SDM, DDM

SDM, DDM

SDM, DDM

SDM,
DDM, TDM

Initial values are calculated through the conventional approximate
mathematical method, whereby using MVO, optimised parameters are
extracted, outperforming MBA, CSA, and PSO.

To tune the affinity of identifying the best solution and elimination of the
I-JAYA is

implemented for parameter estimation problem and observed promising

worst solution a self-adaptive weight is introduced.
results while compared with experimental |-V data points.
Parameters are estimated for three modules, where results are found
comparable with experimental data, TLBO, ABC, and IADE.

In the initialization step of CSA, a QOBL approach is employed.

Develop a dynamic adaptive scheme for step size selection.

A probability function Pa is introduced to amplify search ability and to
make an alliance between exploration and exploitation.

To improve the performance of WOA, two prey strategies are proposed,
the performance validation is expressed by comparing the results with
WOA, CWOA, and PSO-WOA.

The high conversion speed is observed while comparing with ABC, PSO,
CS, and TLBO.
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[16]

[53]

[54]

[55]

[56]

[57]

MAE, AE,
RMSE

RE,
RMSE, IAE
AE,
RMSE,
STD, MBE

RMSE

SFS

NMS-OL-
MFO
IEM

IMFO

CTSA

Experimental
-V

Experimental
-V

Experimental
-V

Experimental
-V

Experimental

-V

Experimental
I-V

SDM, DDM

SDM,
DDM, PVM
SDM

Capacitance
SDM

SDM, DDM

DDM, TDM

SFS is proposed for the parameter estimation problem, with three
different modules. A 43 point dataset is also recorded for ESP-160 PPW
PV module.

A novel hybrid approach is proposed, where search performance is
improved.

Observed improved convergence speed and accuracy.

The accuracy and convergence speed is improved, where AE=0.19%,
TS=0.53, and STD=0.19%.

The performance is validated through the experimental data and few
existing techniques, like EM, SSA, IADE, PSO, and PDE.

A new parasitic capacitance-based SDM is proposed, where the impact of

capacitance on the I-V characteristic is observed experimentally.

An improved local exploration and global exploitation are exercised
through the double flame generation strategies with a moths-flames
optimization.

An outstanding mathematical model of adaptive weights are considered,

outperformed HHO and PSO on the basis of computational time.
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Table 2.3 Literature of Hybrid techniques for parameter estimation

Ref. Objective  Optimisation Data considered  Equivalent Contribution
function technique Model
Considered
[58] MAE GA Manufacturer’s  SDM, DDM  GA is used for parameter estimation under different environmental
datasheet conditions, whereas, Ipn and Is are analytically analysed.
[59] - Hybrid GA- Manufacturer’s SDM Illustrate the dominance of GA-IP over PSO.
IP datasheet
[60] - BFOA Manufacturer’s SDM In the context of sturdiness and precision, the BFOA showcases its pre-
datasheet eminence over GA and AlS.
[61] RMSE, GWO Experimental 1-V SDM Suitability of GWO over PSO, NR, and NLS.
MAE Rsh, Rse, and a are estimated by using GWO where lph and Is analytically
analyzed.
[8] RMSE GCPSO Experimental 1-vV  SDM, DDM  Showcase the outperformance of GCPSO over PSO, ABC-DE, FPA, SA,
PS, and TLBO.
[62] RMSE PG-JAYA - SDM, DDM A self-adaptive chaotic perturbation mechanism is introduced, analysis is

observed with different sets of populations, irradiance, and temperatures.
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[63]

[9]

[64]

[65]

RMSE

MPE,
RMSE,
NRMSE,

RMSE

RMSE

HFP Experimental -V SDM, DDM

Hybrid SA Experimental P-V SDM

MADE Experimental 1-V SDM, DDM
ISCE Data available in SDM, DDM
datasheet

Incorporate the Nelder-Mead simplex method (NMM) with the flower
pollination algorithm and the opposition-based learning method is
generalized.

Tests are performed on Multi-crystalline, thin-film, and mono-crystalline
modules reported with stability and high convergence speed.

Observed improved results when compared with CPSO, LMSA, PS, ABC,
and ABSO.

Parameters are estimated for two different modules i.e. KC200GT and
PWP201.

Characteristic equations are derived in terms of Rse and «, where SA is used
along with these characteristic equations to estimate these unknown
parameters, whereas, Rsh, Iph, and Is are analytically estimated through NR.
SHADE, NMM, and RBE are incorporated together for parameter
estimation.

Precise guess for initial values, acceleration in convergence speed and
elimination of worse solutions are the features of SHADE, NMM, and
RBE, that are combined and incorporated to formulate MADE.

Shown suitable results when compared with EHA-NMS and Rcr-1JADE, in

terms of computational efficiency.
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Furthermore, in [43], PSO approach is implemented, for the extraction of parameters for DDM
and the three-diode model (TDM) by using the manufacturer’s datasheet. Here, MAE i.e. eq.
2.28, is considered as, the objective function, and it is concluded that TDM exhibits more
reliable results when compared with DDM. About nine modeling parameters are to be estimated
for the TDM, where in [43], Iph=Isc, and the ideality factors ‘a1’ and ‘a2’ are considered as 1 and
2 respectively, hence only the remaining six parameters are to be estimated in [43]. A novel
technique is also showcased in [44], for modified DDM through Harris Hawks optimisation
(HHO). The most recent literature is reviewed in table 2.2, where the model considered, decision
standards, approaches used and findings are consolidated.

2.4 Hybrid Approaches

It is also important to underline that the metaheuristic algorithms undergo few trade-offs in
global and local optima, where exploration and exploitation balance should be enhanced. High
exploration and exploitation result in convergence problems and trapping in local optima
respectively, hence a new hybrid approach i.e. a combined arrangement of analytical or
numerical and metaheuristic approaches are introduced in the literature to improve the overall
efficiency of the solution [6], [66]. For instance, [9] employed NR and SA together for the
parameter estimation, where Rse and o are estimated through SA, and Is, Iph, and Rsy are
numerically estimated by using NR. A series of researches are well emphasised in table 2.3,
where the data considered, techniques implemented along with the PV models used, and
objective functions considered for the estimation problem are listed. Hybrid approaches are also
considered for various solar PV problems that also include the designing of MPPT strategies
[67].

2.5 Chapter summary

A critical review of literature is presented, where it is divided on the basis of techniques
implemented for the solution i.e. analytical, metaheuristic, and hybrid approaches. The
preciseness of the parameters to be estimated depends on the closeness of the objective function
(OF) to zero. Where the information of exact parameter values is not available, hence the degree
of preciseness rests on the experimental data only. Any diminution in the OF i.e. RMSE is
observed as a substantial enhancement towards the preciseness of real unknown parameter
values, where the same is well observed with the proposed methodologies that exhibits more

promising results when compared with the techniques in the literature.

30



Chapter 3

EMPEROR PENGUIN OPTIMISATION FOR PARAMETER
ESTIMATION PROBLEM AND IMPACT OF
ENVIRONMENTAL CONDITIONS

3.1 General

It is important to apprehend that solar PV is very sensitive to environmental changes, where
‘T’ and ‘G’ are the environmental parameters that make a substantial impact on the performance
of solar PV. Hence, the impact of environmental conditions on the performance characteristics of
solar PV is well studied in this chapter, moreover, a new Emperor Penguin Optimisation (EPO)
[68] based parameter estimation approach for an SDM of solar PV is presented that is cohesively
analysed under different sets of ‘T” and ‘G’ for three case studies having three different multi-
crystalline solar PV modules, i.e. KC200GT, PWP201, and STP6 120-36. As it is concluded in
chapter 2 SDM is the simplest and most accurate mathematical model, which it is widely
accepted in literature. Hence, in the proposed Emperor Penguin Optimisation approach for
parameter estimation, SDM is considered for analysis. The preciseness of the parameter
estimation problem resides in the superimposition of extracted I-V over the experimental I-V
characteristic, as the exact parameter’s values are not known, hence these parameters are also

known as the unknown modelling parameters.

3.2 Impact of environmental conditions on solar PV

The performance characteristics of solar PV are subtle towards the change in environmental
conditions, i.e. the ambient temperature and solar irradiance, for instance in fig. 3.1 the
performance characteristic of the KC200GT module is presented in fig. 3.1 (a). Where an
appreciable change in the current is observed under a different set of irradiances, whereas for
constant irradiance, voltage changes with the temperature change. This shows that
modules/arrays performed well at high irradiances and comparatively low temperatures. The
irradiance and temperature make an appreciable impact on lph, lse, Is, Voc, Vimpt, and Impt i.e. well
observed from eq. (3.1)-(3.6), [3].

G
Ly =[ 1€ +Kdt | —— (3.1)

STC
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At Teell = 45°C

Irradiance 890 W/m?

14 - 2
850 W/m

7

Current (A)

Current (A)

570 W/m® 620 W/m?>

10°

Voltage (V)
(a)

Fig. 3.1 I-V characteristic of KC200GT under different sets of environmental conditions

I, =[ 157 +Kdt ] G

STC

| — Isc,STC + Kldt

) exp(voc, STC + det j _1

Vth

Voe =Voesre +Vin In (GLJ +K,dt

STC

G
Vmpt :Vmpt,STC +V,, In (G—j +K,dt

STC

G
L = Dopcsrc In[G—](H Kdt)

STC

I STC
ph

(3.2)

(3.3)

(3.4)

(3.5)

(3.6)

, 157¢, Ky and K are the photo and reverse saturation current at Standard test condition

(STC) i.e. 25 C and G of 1000 W/m?, and the voltage and current co-efficient of temperature

respectively. Moreover, dt = T-Tstc i.e. the difference between T (ambient temperature) and the

Tstc (STC temperature).

3.3 Problem formulation

Here, only SDM s considered for the analysis, hence vector ¢ = [lph, Is, o, Rse, and Rsh] is to

be estimated. The RMSE i.e. eq. 3.7, is considered as the objective function, where the error

among the estimated current value and experimental current value is to be minimised, the
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boundary conditions for all the three case studies are listed in table 3.1, the estimated current as a

function of ‘0" is given by liow,,,.s) -

n A 2
Min OF(5) for SDM= J%Z('lom ~1 |o(v,0(i),5)j : (3.7)

i=1

It is important to understand that the parameters are estimated for the cell, where the realisation
of estimated parameters for the module or array can be further carried on the basis of the number
of series and parallel cells connected, hence for the array eq. (1.8), can be written as eq. (3.8),
and the same is also considered in chapter 4 for SDM, where Ns and Np are the numbers of cells
connected in series and parallel respectively, the function of current is given by eq. (3.9).

et [ S e

||0W|o(‘)-f5) = Np Iph - Is EXp N V - { J
th

{[v.ﬁ..i;(wzﬂ} [V[M'R] 9)
f[f.uw,u(,,,d))zlm—Np -1 e Y | O L S A

3.4 Proposed methodology
Proposed methodology practice, the EPO algorithm i.e. explained in [68], for the solution of
the parameter estimation problem. EPO is a bio-inspired population-based metaheuristic

algorithm, to formulate the solution for both constraint and unconstraint problems [68].

(XY*)

(X*-X, Y*-Y)

Fig. 3.2 (a) Huddle of Emperor penguins, (b) Huddling behaviour of emperor penguins [68]
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This algorithm instigates from the social huddling behaviour of emperor penguins (largest and
heaviest among all penguin species) during their breeding season in Antarctic winter, while
breeding thousands of these flightless emperor penguins come onshore to lay eggs. In fig. 3.2 (a),
a huddle of emperor penguins is showcased, whereas, in fig. 3.2 (b), it is observed that the
penguin (X*, Y*), can appraise its location to other penguins and can reach different locations
about the current position. There are four phases of huddling by emperor penguins that are
configured in a mathematical model and used to solve parameter estimation problem, four phases
are classified as,

a) Generation and determination of emperor penguin’s huddle boundary

In this algorithm, the emperor penguins are the search agents, and the identification of an
effective mover or achieving an optimised solution is the main objective. Here, it is assumed that
the huddle is a two-dimensional L-shaped polygon plane, while obtaining the best solution, the
position of the mover is updated and the boundary is also recomputed accordingly [68]. During
this process, the penguins will select two random neighbours in the huddle as showcased in fig.
3.2 (b), where the huddle boundary around the polygon is formulated based on the flow of air
around the huddle, the flow of air is considered for huddle boundary prediction, as when airflow
towards the huddle it spreads around the huddle as per the shape configuration and this spread

can easily draw down the boundary of the huddle.

Let, the wind velocity defines by '¢' with gradient ‘y’, observed in eq. (3.10) as,

w=V¢ (3.10)

To generate analytical function ‘/” on the polygon plane and to generate complex potential, '¢" is

used along with the vector Q, expressed in eq. (3.11),

f=g+iQ (3.11)

The idea is to advance the mover i.e. search penguins in such a way that they discover a
multidimensional search space i.e. within the huddle boundary for an optimal solution. In the
context of the parameter estimation problem, the parameters Iph, lio, Is, Vio, Vin, Ns, Np, Rse, @, and
Rsh, are initialised. Where constraints are generated, based on the minimum and maximum of PV
modelling ranges mentioned as lower and upper boundary constraints. In this paper, the

boundary conditions are furnished in table 3.1 as,
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Table 3.1 Boundary conditions for SDM
Parameter | Case study 1 | Case study 2 | Case study 3
(KC200GT) |((STP6-120/36)| (PWP-201)

LB | UB | LB | UB | LB | UB
n[A] | 0 | 50 | 0 2 0 8
IL[A] | 0 2 0| 50 | o | 50
a 1 ] 5 | 1|5 | 1] 50
Re[Q] | O 2 0 2 0 | 10
Rn[Q] | 0 [ 1000 | 0 | 2000 | 0 | 1500

Rse(min) < Rse < Rse(max)

fcons = Rsh(min) < Rsh < Rsh(max) (312)

Opin SOS Oy

min —

b) Calculation of temperature around the huddle

To survive, the emperor penguins create the huddle and maximize the temperature inside the

huddle, that is according to the temperature outside the huddle (1. ). The T, is modelled by using

eq. 3.13 and 3.14. It is assumed that temperature Tn =1, if polygon radius Ry > 1, and Th = 0 if
Rnp < 1.

T, =(Th —_i] (313)
I—nNn
_[LifR, <1 (3.14)
"0, ifR, >1

where i is the current iteration and ‘n’ expresses the maximum number of iterations. For the PV

parameter estimation problem, the decision conditions are temperature and irradiance.

Formulation of distance among emperor penguins during huddling
As the emperor penguins huddle together, hence there is a need to model mathematically the

component to avoid collision with neighbour penguins, and for this vector Aand & are utilised,
expressed by eq. (3.15) and eq. (3.16).

K:(M x(T, + Py (Acc))xRand() -T, (3.15)
C =Rand() (3.16)

P, (Acc)= Abs(s— P ) (3.17)

ep
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Where M represents the movement parameter, responsible to maintain the gap among the search

agents that in turn inhibit the collision, the value of M is fixed to 2, P, (Acc)indicates the

accuracy of the polygon, P implies the fittest emperor penguin i.e. optimal solution, Bep
expresses the position vector of other emperor penguins and Rand() is the random function in the
range [0,1].

By using the vector aand& the distance between the emperor penguin and the fittest search

agent can be calculated, expressed as Di , ineq. (3.18).
Dep = Abs(S(Z\).B(i)—E.Ffp (i)j (3.18)

Where, S() elaborates on the social forces which stimulate the emperor penguins to move
towards the optimal search agent, with fc and Ic as control parameters with a range of [2,3] and

[1.5, 2] respectively, and expressed in eq. (3.19).

2

S(A) = [\/ fce'lci e'J (3.19)

To estimate the optimised unknown parameters, the eq. (3.18) for Di .+ Is used to find the

distance between the emperor penguin holding optimal solution for Ii, i.e.(P ), by using eq. (3.9)

and the search penguin (p,). If the best optimal solution for eq. (3.9) is obtained from the

iteration ix, then the obtained solution will be updated.

d) Effective mover relocation
The mover is the best attained optimal solution, to attain the best optimal solution, the emperor
penguins continuously change their current position according to the mover that in turn
continuously changes the huddle configuration. By using eq. (3.20), the next updated position of

the emperor penguin is estimated,
P, (i+1)= (P(i)— A. Depj (3.20)

N
where, P, (i +l) is the next updated emperor penguin’s position, i.e. relocation of penguin

as per the best optimal solution of I, from eq. (3.9). The flow diagram for the proposed
methodology of parameter estimation using EPO is elucidated in fig. 3.3, along with the

pseudo-code.
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4

Initialize penguin population and control parameters f. and I,

Y

Initialize Ry, Rsy and « values of EPO search
agents

Y

Specify f.ons (Constraints) i.e. R, Rs, and
ain eq. 3.12 from Table 3.1

\ 4

Calculate 1, by using eq. 3.8 for each search
agent

Y

Calculate temperature profile by using eg. 3.13 and
3.14

Y

Calculate penguin distance, using egs. (3.15-3.19)

+ i=i+1

Update position vector, P, (i), using eq. 3.20

Y

Calculate fitness of updated f(li,i0, 5)) By USing eq. 3.9

Yes

No

Display optimal solution for I;, with respective Re. Rq, and o

Fig. 3.3 Implementation of EPO for solar PV parameter estimation problem
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*pseudo-code for proposed parameter estimation approach using EPO

P,(1) (i<12,...,n)
Initialize the unknown parameters Rse, R, and a
While (i <n) do
fitness ()
rand()
if (R<1) then
Th¢=0
else
Th <1
end if
T, < Compute temperature profile

fori<—1tondo
for j<—1tondo
compute equations (3.15)-(3.19)
update position using (3.20)
end for
end for

update T,, A, C,S()

fitness f [I |o(v.u(),a‘)j

update best fitness
i < i+l
end while
end

Fitness procedure
fori<—1tondo

f (I |o(vm(i),5)) «fitness function

end for

f (l Io(Vm(,),b‘)) “— best{f [lIO(meﬁ)ﬂ
best

return °
Tl Totigy.0)
best

end

procedure bes’{ f (?m(v,u(i),&) ﬂ

best <—f (0)
fori<—1tondo

if [ f (||o(v|0(i),5)j< beStj then

best « f (I Io(Vk,(i),é)j

end if
end for
return best
end

*emperor penguin population

*for temperature round the huddle

*distance between penguins
*effective mover

*search agent beyond the search space region

*fitness function, eq. 3.9
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3.5 Results and discussion

To check the efficacy of the proposed parameter estimation method, three multi-crystalline
solar PV modules have been considered, the manufacturer’s data for the modules are
summarised in table 3.2. As manufacturer’s specifications in table 3.2, are not sufficient to
model the characteristics of the solar PV module or array and there is a need for unknown
parameter vector o = [lph, Is, a, Rse, and Rsh], to minimise the complexity associated the vector 6 =
[Rse, Rp, o] is estimated by using EPO where Ipn and Is are analytically analysed. For optimisation
problems, the initial guess of parameters is very critical, and for EPO and analytical analysis, the
upper and lower bounds are randomly chosen based on their physical significance, showcased in
table 3.1. For EPO, a population size (Npo) of 100 is chosen with iterations (n)=100. By using
initial guesses from table 3.1, the MATLAB program is simulated for the EPO algorithm.

Results are classified into two sections as,

Table 3.2 Specifications of modules from the manufacturer’s datasheet

S. No. Solar PV modules Known parameters from the manufacturer’s datasheet
Vmpt (V) |mpt (A) Voc (V) Isc (A) Ns | Pmax (W) Temp Ki
(c) | (A°©O)
1. Kyocera, KC200GT 26.3 7.61 32.9 8.21 | 54 | 200.143] 25 | 0.0032
2. Schutten Solar, STP6 120-36 | 14.93 | 6.83| 21.24 733 | 36 120 55 | 0.0042
Photowatt, PWP201 12.6 0.89| 16.78 | 1.031| 36 12 45 | 0.00178

3.5.1 Comparative analysis of proposed technique

Here, the simulation of the above-mentioned modules by using estimated parameters,
analysis of I-V and P-V characteristics, and comparison with the results observed in recent
literature i.e. PG-Jaya algorithm [62], MPSO algorithm [69], WC algorithm [49], ABSA method
[9], ITLBO algorithm [70], ImMCSA [50], ISCE [65] and hybrid BPFPA [71] is showcased. The
efficacy of the proposed work is established by reducing the RMSE values and selecting the
optimal set of unknown parameters for gathering optimal i, for maximum power.

Table 3.3-3.5, showcases, the parameters that are estimated for KC200GT, STP6 120/36, and
PWP 201 at T=25C, T=55C, and T=45 C respectively, with an irradiance of G=1000W/m?.

Furthermore, table 3.3-3.5, also depicts the parameters extracted for all three cases and
expresses improved results by using the proposed EPO method. In most of the scenarios, the
estimated parameters offer lesser RMSE i.e. calculated by eq. (3.7), for 1o, which is based on
measured and estimated values, when compared with several parameter extraction techniques in

the literature. Where experimental values are referred from [52] for KC200GT and from [54] for
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STP6 120/36 and PWP 201. It is also observed that the estimated parameters are in decent

concurrence with the theoretical estimation of smaller Rse and larger Rsh.

M1 M2 M3 M4 M5

Fig. 3.4 Array with five modules of KC200GT and PWP 201 connected in parallel

Table 3.3 Comparison of parameters estimated by using EPO with existing techniques for
Kyocera KC200GT at G=1000W/m?, T=25C

Techniques Kyocera, KC200GT

Rp () Rse () a RMSE
Proposed 50.018 0.0343 1.077 0.0015
PG-Jaya 773.811 0.3569 1.0367 2.425¢
MPSO 753.21 0.344 1.072 0.0014
wC 176.62 0.322 1.078 1.78e3
ABSA 895.797 0.2109 1.8766 0.023

Table 3.4 Comparison of parameters estimated by using EPO with existing techniques for
Schutten solar STP6 120/36 at G=1000W/m?, T=55C

Techniques Schutten Solar, STP6 120-36

Rp (©) Rse (©2) a RMSE
Proposed 9.478 3.5612 1.0224 0.0132
ITLBO 22.2199 0.0046 1.2601 0.0166
ImCSA 10.00 5.3870 1.1977 0.0158
ISCE 22.21991 | 4.5946 1.2601 0.0166

Table 3.5 Comparison of parameters estimated by using EPO with existing techniques for
Photowatt PWP 201 at G=1000W/m?, T=45C

Techniques Photowatt, PWP 201
Rp (Q) Rse (2) a RMSE
Proposed 982.45 1.172 48.472 0.0022
PG-Jaya 981.85 1.201 48.642 0.0024
MPSO 762.90 1.238 47.47 0.020
wC 961.05 1.1963 48.789 0.0023
ABSA 616.75 1.338 1.2482 0.1203
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By using the proposed method, parameters are extracted for all three cases and summarised in

table 3.3-3.5. Moreover, based on extracted parameters two arrays are modelled by assembling

five, KC200GT and PWP 201 modules in parallel, where the configuration is showcased in fig.

3.4. Whereas, in the case of STP6 120/36, the comparison with experimental data is carried out

only for a single module.

Rse—a = Ns . Rse
Np

Rp—a — Ns X Rse
N

|ph7a=(Np><|ph)

o =(Npx1y)

(3.21)

(3.22)

(3.23)

(3.24)

In other words, it can be stated that the PV array is a long chain of series and parallel

combinations of cells, arranged to obtain the required voltage and power [3] as shown in fig. 3.5.

To increase the overall voltage, the cells are connected in series, whereas an increase in parallel

strings results in higher currents, i.e. also highlighted in chapter 1.

Positive Bus

Irradiation

(©)

N D J\/R\/\, fon
\ D * % RSh SE D *
Cell (1,1) i

Irradiation
(©)

> AL e
MO *% : ® *% :
cell 2,1) D ) D

Vio

VY vy
Cell (Ns,1) Cell (N,N,)
Negative Bus
@
lio-a
B —
AVAVAY +
b D Res
Rp-a Vio-a

(b)

Fig. 3.5 Modelling of PV array (a) Lumped circuit of an array by using SDM, (b) Equivalent

array model
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In fig. 3.5 (a), an array is modelled with Ns and Np, numbers of series and parallel strings
respectively. Arrays can be considered as a single cell with suitable multipliers that are
completely compliant with the number of series-parallel strings of cells in the array. Parameters
for an array can easily be estimated if the parameter of a single-cell or module is obtained, hence
in our study, we estimate the parameters for the modules that can be simply multiplied by the
multipliers for the array parameters. The lumped resistances can be calculated by using eq. 3.21
and eq. 3.22, where Ipna and Isa can be realised from eq. 3.33 and eq. 3.34 respectively. The
movement of the emperor penguin for the optimal solution is showcased in fig. 3.6, where fig.
3.7 and fig. 3.9, showcases the 1-V and P-V characteristics for KC200GT and PWP 201 arrays,
that are drawn by using estimated parameters. These characteristics exhibit superior performance
over PG-JAYA [49], MPSO [62], WC [69] and ABSA [9].

Table 3.6 Comparison of experimental values of V, I, and W, with estimated values for Schutten solar
STP6 120/36

S. No. Experimental [70] Estimated power Absolute
parameters by using Error
estimated PV model (AE)
parameters through

EPO
Voltage Current Power (W) | Current | Power (W)
V) (A) (A)

1 17.65 3.83 67.5995 3.658 64.5637 0.172
2 17.41 4.29 74.6889 4112 71.58992 0.178
3 17.25 4.56 78.66 4.401 75.91725 0.159
4 17.1 4.79 81.909 4.67 79.857 0.12
5 16.9 5.07 85.683 4.935 83.4015 0.135
6 16.76 5.27 88.3252 5.30 88.828 0.03
7 16.34 5.75 93.955 5.526 90.29484 0.224
8 16.08 6.00 96.48 5.73 92.1384 0.27
9 15.71 6.36 99.9156 6.301 98.98871 0.059
10 15.39 6.58 101.2662 6.689 102.9437 0.109
11 14.93 6.83 101.9719 6.825 101.8973 0.005
12 14.58 6.97 101.6226 7.068 103.0514 0.098
13 14.17 7.1 100.607 7.227 102.4066 0.127
14 13.59 7.23 98.2557 7.41 100.7019 0.18
15 13.16 7.29 95.9364 7.565 99.5554 0.275
16 12.74 7.34 93.5116 7.724 98.40376 0.384
17 12.36 7.37 91.0932 7.874 97.32264 0.504
18 11.81 7.38 87.1578 7.989 94.35009 0.609
19 11.17 7.41 82.7697 8.078 90.23126 0.668
20 10.32 7.44 76.7808 8.174 84.35568 0.734
21 9.74 7.42 72.2708 8.206 79.92644 0.786
22 9.06 7.45 67.497 8.221 74.48226 0.771

Integral Absolute Error (IAE) 6.597
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Fig. 3.6 Swarm behaviour of emperor penguins for parameter search with Ny, =100

and n=100
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Moreover, the 1-V and P-V characteristics of the STP6 120/36 module, i.e. shown in fig. 3.8

are also drawn, which showcases that the characteristics are very much in concurrence with the

experimental data. Hence, it can be stated that the parameters estimated by using the proposed

EPO method, are more accurate if compared with the techniques mentioned in the comparison

curves and its accuracy is also validated.

Table 3.7 Comparison of experimented maximum power, with the estimated maximum power
obtained through different techniques in literature

Current (A)
(3
W

Modules Techniques Experimented Estimated Relative power error
maximum maximum power p P
_ max €,max 0,
power Pe. max (W) E, =™ M 100%
Prax (W) s
KC200GT Proposed 200.143 200.124 9.4932E-3
(1000W/m?, Hybrid BPFPA 200.143 199.75 1.9635E-1
T=25C) ABSA 200.143 200.096 2.8479E-2
Proposed 101.9719 101.9579 1.3729E-2
STP6-120/36 ITLBO 101.9719 101.74586 2.2166E-1
(1000W/m?, ImCSA 101.9719 101.81639 1.5250E-1
T=55C) ISCE 101.9719 101.7459 2. 2162E-1
ABSA 101.9719 101.9368 3.442E-2
PWP201 Proposed 11.54032 11.53571 3.9946E-2
(1000W/m?, PG-Jaya 11.54032 11.5289 9.8957E-2
T=45C) ITLBO 11.54032 11.5316 7.5561E-2
ImCSA 11.54032 11.5316 7.5561E-2
ISCE 11.54032 11.5316 7.5561E-2
Proposed 900 Proposed
PG-Jaya PG-Jaya
e 800| 08
ABSA ABSA
700
600
750
% 500 700
E 650
0 5 400 o
22 24 26 28 30 32 28 285 29 295 {30
300
200
100 [
1 1 1 1 1 O L 1 1 1 1
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30
Voltage (V) Voltage (V)
(@) (b)

Fig. 3.7 Array by using KC200GT module, at G=1000W/m?, T=25C (a) I-V characteristic (b) P-
V characteristic
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Fig. 3.8 STP6 120/36, at G=1000W/m?, T=55C (a) I-V characteristic (b) P-V characteristic
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Fig. 3.9 Array by using PWP 201 module, at G=1000W/m?, T=45C (a) I-V characteristic (b) P-V
characteristics

3.5.2 Impact of different environmental conditions on parameters estimation

Table 3.6, illustrates the comparison of experimental and estimated values of V, I, and W for
the STP6 120/36 module with an IAE of 6.597. Whereas, table 3.7, concludes that, the relative
error, i.e. the difference among experimented and estimated power, observed from different
estimation techniques in literature, the proposed method exhibits minimum error in all the three

cases considered. This elucidates that, while modelling the PV module with the parameters
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estimated through the proposed method gives very near to practical results i.e. with less relative

error. As the performance of solar PV is very subtle to the environmental conditions, hence, the

impact of different environmental conditions on the estimated parameters are also relevant and to

be analysed.
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Fig. 3.10 Variation of a, Rsh and Rse, and its convergence to optimised values for n =100 under
different irradiance conditions
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Fig. 3.11 Variation of a, Rsh and Rse, and its convergence to optimized values for n =100 under different
temperature conditions

In this section, the impact of different irradiance and temperature conditions on the convergence
of optimal parameter values is analysed. In fig. 3.10, the convergence of parameters with optimal

values is observed for all three cases where, the temperature remains unchanged and curves are
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drawn for irradiance of 250, 500, and 700 W/m?. Whereas, the impact of different temperature
conditions i.e. 25 C, 35 C, and 45 C on the convergence of optimal parameter values are
recorded in fig. 3.11, where the irradiance remains constant at 1000 W/m? for all the cases
considered. Moreover, the estimated parameters under these different environmental conditions
are observed in table 3.8 with RMSE and MAE

Table 3.8 Variations in estimated parameters under different sets of irradiances and temperatures

Modules Environmental Parameters Estimated
conditions
Ton (A) KA [R(©Q) [Re(@ | e« |RMSE [ MAE
o 25°C 8.194 | 5.03€° 50.36 | 0.0013 | 0.858 | 6.49¢® | 3.57¢”
KC200GT | .~ 3B°C 8226 | 9.74¢° 50.78 [ 0.0382 | 1.274 | 7.83e® | 4.30e”
45°C 8.258 | 1.80€° 50.60 | 0.0198 | 1.094 | 1.26e® | 6.97¢”
_ 250 2.048 | 5.03¢€° 50.43 | 0.0019 | 0.915 | 4.45¢° | 2.45¢°
OE 500 4113 | 9.74¢° 50.18 | 0.0024 | 0.682 | 1.45e® | 8.02¢?
= 700 5.7806 | 1.80€° 50.26 | 0.224 | 0.694 | 5.32¢® | 2.92¢7
o 25°C 7.354 | 9.37¢€5 50.55 | 0.0013 | 1.057 | 2.18¢€® | 1.56€°
STP6 120/36 | .~ 35°C 7.39 | 1.8le” 50.46 | 0.0178 | 0.955 | 2.23€® | 1.60€°
45°C 7438 335¢" 50.57 | 0.0015 | 1.077 | 1.33e® [ 9.56¢€”
< 250 1.838 | 9.37¢° 50.42 [ 0.0035 |0.913 [5.77¢e® | 4.14¢”
o § 500 3698 | 1.8le” 50.19 | 0.0042 | 0.662 | 1.37¢e® | 9.88¢”
= 700 5.2066 | 3.35¢” 50.51 | 0.0085 | 1.016 | 4.39€e® | 3.15¢€°
o 25°C 0.9954 | 584¢€° 50.49 [ 0.0276 | 0.994 | 4.66€° | 3.59¢°
PWP201 | .~ 35°C 1.013 [ 1.13¢° 50.40 | 0.0047 | 0.895 | 8.45e° | 6.50 €’
45°C 1.031 | 2.09¢€° 50.58 | 0.0563 | 1.035 | 445e° | 3.43¢°
— 250 0.2488 | 5.84¢€° 50.98 [ 0.0197 | 1.471 | 2.90e® | 2.23¢€°
OE 500 05066 | 1.13¢€° 50.33 [ 0.0015 | 0.826 | 3.05€° | 2.35¢”
2 700 0.7217 | 2.09¢€° 50.85 [ 0.0072 | 1.314 | 9.08¢e® | 6.98¢°

3.6 Chapter summary

This chapter proposed a novel technique employing EPO for the precise estimation of solar
PV parameters a, Rse, Rp, Is and Ipn for an SDM, three multi-crystalline PV modules KC200GT,
STP6 120/36, and PWP 201 are considered for the parameter estimation. The accuracy in
estimation and robustness under different sets of environmental conditions make this method of
parameter estimation novel. Whereas, statistical error, RMSE is calculated and it is highlighted
that these statistical errors are minimal when compared with the PG-Jaya algorithm [62], MPSO
algorithm [69], WC algorithm [49], ABSA method [9], ITLBO algorithm [70], ImCSA [50],
ISCE [65] and hybrid BPFPA [71]. The I-V and P-V characteristics are drawn for the arrays
configured, by using KC200GT and PWP 201, where it is pragmatic that the characteristics
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possess superior results when compared with the above-mentioned techniques. Moreover, the I-V
and P-V characteristics of the STP6 120/36 cases express a very near relationship with the
experimental curve. Here, it is also observed that with the set of extracted parameters, a more
optimised power can be extracted from all the three cases under consideration, where the impact
of environmental conditions on the parameters, as well as on the performance characteristics are
also underlined. Hence, it is stated that the proposed EPO method for parameter estimation is one

of the improved methods for parameter estimation when compared with existing methods.

49



Chapter 4

PHEROMONE VALUE AND CANNIBALISM BASED BLACK
WIDOW OPTIMISATION APPROACHES

4.1 General

In this chapter, two new metaheuristic approaches for the estimation of mathematical model
parameters of PV cell, modules, or array through Pheromone value black widow optimisation
(pv-BWO) and Cannibalism black widow optimisation (cn-BWO) algorithms, by using the
experimental data under numerous set of conditions is presented. The proposed methodologies
evade the problem of premature conversion to local minima. Six case studies are considered, for
six different PV modules that are modeled using SDM, DDM, and TDM where the validation of
the results is carried out through the experimental datasets. Moreover, 149 pair 1-V data is also
recorded for SFTI-60P and EIL-75W modules in the outdoor experimental environment to assess
the prominence of pv-BWO and cn-BWO methods in real implementation.

4.2 Problem formulation

The main objective of solar PV modelling is the estimation of the unknown parameters for
the electrical equivalent models. The vector ¢ = [lpn, Is, &, Rse, and Rshn] is to be estimated for
SDM, w = [Ipn, ls1, Is2, a1, a2, Rse, and Rsn], for DDM, and p= [lpn, Is1, Is2, Is3, a1, a2, 03, Rse, and Rsn]
for TDM. The objective is to minimize the variance between experimental and estimated data or
the minimisation of error as already discussed in chapter 3. Hence, it is important to quantify an
OF that enables the degree of concurrence among the set of parameters (under defined boundary
conditions) that characterize the experimental dataset and the model. In the proposed approach
RMSE is considered the OF, for SDM, DDM, and TDM.

n A 2
Min OFl(é) for SDM:\/%Z(IIO(D —1 Io(Vlo(i)v‘s)j ) (41)

i=1

n A 2
Min OFZ(I//) for DDM:\/%Z(IIO(D =1 IO(VIo(i)'W)j ' (4.2)

Min OF3(p) for TDM :\/

S|

n A 2
(Ilo(i) -1 IO(me,p)j ) (4.3)
i=1
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Where, n is the set of empirical (li, Vi) points, i € n, thehov,o, |I0V|0, , and ||0V,0, p)are

the estimated current values as the function of unknown vectors ‘6’, ‘w’, and ‘p’, modeled using
eq. (4.1)-eq. (4.3). The preciseness of the parameters estimated depends on the closeness of the
OF to zero, as the information of exacted parameter values is not accessible, hence the degree of
preciseness depends on the experimental data only, where any diminution in the OF i.e. RMSE,
observed as a significant improvement towards the preciseness of real unknown parameter
values.

As discussed in chapter 1, the solar cell is the fundamental building block of a solar PV
system, where various series-parallel configuration results in the formation of a module [5],
further various modules are again configured to form long solar PV arrays. For the arrays, eq.
(1.8), eq. (1.9) and eq. (1.10) can be rewritten as eq. (4.4), eq. (4.5) and eq. (4.6) respectively,
where Ns and Np are the numbers of cells connected in series and parallel respectively.

{E] . J (4.4)

=z

|

@

x

=]

|

[HN
/ﬁ

N N N
[V JrIIoRse[N ]J [VI0+|IoRse['\ls]] [ lo [NJ lo se] (4'5)
P p
g = Np { 1o = 1| €XP IV ~1|-1,,| exp NV, -1 [N ‘j
s th sl
N,
N, N N, N
[V JrIloRse(N j] [V +IloRse(N ]] [V JrIloRse(N ]] [Vchr NS]IIORse]
[ =N A1, 1| exp| ~——— P2 1 |, [ exp| ~———— P2 1|1 | ex XA - ’
10(Vio(iy ) p ) ph sl p NSV,h s2 p Nsvth s3 p Nsvth [NS] o
N 'sh
3
(4.6)

A single current function for the calculation of estimated current values is obtained by equating
eq. (4.4), eq. (4.5) and eq. (4.6) as eq. (4.7), eq. (4.8) and eq. (4.9) respectively, that is used for
the calculation of OF through pv-BWO and cn-BWO.

)
f(f|ow,0(l),5)):||0_[\|p - e| o Jl ( (ESJI.ORSGJ (4.7)
R,

p
| [NS]
NP
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/N

[Vlo + IIo Rse( Ns jj [Vlo +
NP
J N,

EJIR] (4.8)

f?.o,, =1 —N_<I_ —1I,|ex Ll |expl NP gl N N RS
( 0(V|()W)] lo p) 'ph sl p Nsvth s2 p Nsvth {st
_s Rpl
Np
[Vlo + Ilu Rse [Ns]j (Vlu + IIu Rse (NS]] [Vh) + IIo Rse [NS]] [Vh) +[&] IIo Rse]
f(i\m ):I =Nyl -1 expin -1]+1 expiN'D —1|+1,] exp N, -1+ N,
(Vio(i) #) lo p)ipeh T tst NSVm 52 Nst s3 Nsvm [ Ns jR
N | Tsh
) s
(4.9)

4.3 Proposed methodology

Proposed methodologies exercises, the pv-BWO, and cn-BWO algorithms i.e. elucidated in
[72] and [73] respectively for the minimisation of OF1(9), OF2(y), and OF3 (p) and the
estimation of unknown parameters for SDM, DDM, and TDM of solar PV.

— ~
7 Black Widow > N
Mating

- -~
/ Cannibalism of >
/ male before,
\ / during or after \

Black Wid ~
ack Widow
/ ) Female N\

( \ mating \
i |
\ o/
\ /
N - _ _ - — ~ .
/ BLACK WIDOW
( SPIDER )
\ LIFECYCLE /
— N /
Ve /Sibling ~N e
/ Cannibalism  \
— T~
/Spiders Leave\ \
Egg Sac

Fig. 4.1 Black Widow Spider Lifecycle
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The pv-BWO and cn-BWO are nature-inspired population-based metaheuristic algorithms,
that are considered for solutions to non-linear engineering or non-engineering problems. In
these algorithms, the bizarre lifecycle of black widow spiders i.e. the reproduction style is
modeled and instigated. The life cycle of the Black widow spider is well explained in fig. 4.1,

where it can be further explained as,
4.3.1 pv-BWO algorithm

In this algorithm the process of identifying the best mating female partner by the male L.
Hesperus Black widow spider is exercised i.e. stage 1 observed in fig. 4.1, here the male spider
considers the concentration of sex pheromones to identify the mating status of the female black
widow spider. Where, the male has shown low or no curiosity towards the starved and poorly fed
female, as the female exhibits cannibalistic behavior [74], [75]. This algorithm exhibits the two
most significant stages i.e. the movement and the pheromones strategy, that are aligned with the
solar PV modelling and for the solution of the parameter estimation problem. These two stages

are explained as,

a) Movement and position strategy
Two movement configurations of the spider i.e. linear and circular are modeled by using eq.

(4.10) and eqg. (4.11) respectively, where the new position of the black widow spider is given by

the Bui(X+1), where the best position from the previous iteration is given by Buwen (X). A

floating variable ‘m’ is randomly generated for an interval [0.4, 0.9], ‘r1’, showing the integer for

N
interval 1 to a maximum number of search agents, where Buri(X)is the ‘ri™ selected, search

agent. The ‘o’ represents the random floating number generated with the interval [-1.0, 1.0], with

N
Bui (X) as current black widow search agent, in other words, where, i is the current iteration and

‘n’ expresses the maximum number of iterations.

Bui (x+1) = {Ewweﬁ) (X) = mx Bura(x),if rand() < 0.3} (4.10)

gwi (x + 1) = {gw(m) (x) —c0s(27a) ;Bwi (x), other cases} (4.11)

b) Strategy for pheromones
In the case of L. Hesperus, BW spiders, a change in pheromones concentration is concluded in
[31], [32] which also impacts the quality and the quantity of the web silk. A well-nourished

female produces more web silk when compared with the malnourished females.
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Initialize Black Widow population i.e. B,,=80

v

Initialize parameter vectors ‘6°, ‘w’ and ‘p * with
random parameters ‘m, ’and ‘o’

(0.4< m<0.9)and -1<a<1

!

Specify constraints i.e. LB and UB from
Table 4.2, Table 4.3 and Table 4.4

!

Calculate I, by using eq. 4.4 - eq. 4.6 for each
search agent

-t
&%

evaluate (Buix1) by
using eq. 4.10

compute Py by using eq. 4.12

if Pv<0.3

Y

else

binary randomly

. L i=i+l
generated variable ‘c’.

update search agent by using eq. 4.13 >

A

Calculate fitness of updated f(liovio, 5)), f(liovio,¥))and f(liovio,» y)0Y
using eq. 4.7, eq. 4.8 and eq. 4.9

A

Calculate global Bypesy(X) by using
OF1(8), OF2 (), OF3(p)

Yes

i<n

No

Display optimal solution for I, with respective vector ‘6”, ‘y’ and ‘p °

Fig. 4.2 Block diagram for pv-BWO methodology

It is important to understand that the male BW spiders are more receptive to well-nourished
females, due to the benefit of a high fertility rate and less probability of female cannibalism

during, before, and after mating [74], [75].
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p — Wi “BWyy (4.12)
O BW BW

f.max f.min

The eq. (4.12), is the pheromone vector with the best and the worst-case fitness function of BW,
for low concentration of pheromones i.e. < 0.3, eq. (4.13), is considered or pheromone procedure
and this female is replaced by another female BW to avoid cannibalism.

- 1 -

gwi (X) = Bugeest) (X) +E gwrl(X) - (—1)0 X BwrZ(X) (4.13)

where, Buri(X), Buwr2(X) are the ri™" and r" search agent selected, with a binary randomly
generated variable ‘c’. By using, eq. (4.4)-(4.9), the p , is calculated, based on which the

optimal solution for OF1(5), OF2(y), and OF3 (p) is assessed with parameter vectors ‘¢°, ‘y’ and
‘p’. The hierarchy of the pv-BWO methodology is also well explained in fig. 4.2.

4.3.2 cn-BWO algorithm

This methodology exercises, the cn-BWO algorithm i.e. elucidated in [73], in this algorithm
the reproduction style and cannibalism are modeled and instigated. It is asserted in [73], that the
female spider eats the male partner before, during, or after the mating process, where the cost of
sacrifice conferred the fortuitous of fertilizing more eggs. Moreover, it is also evident that the
female lays an egg to the egg sac, and after 11 days the spiderlings hatch out, where sibling
cannibalism is initiated. The sibling eats out their mother and their siblings, where the fittest
spreads out and leads towards further reproduction, as also shown in fig. 4.1. Here, four stages
are considered for black widow spiders that are aligned with the solar PV modelling and for the

solution of the parameter estimation problem. These four stages are explained as follows,

a) Widow initial population
In BWO the widows are the search agents, the foremost purpose is to detect the fittest widow

for a global optimized or potential solution.
Widow array = [Wl, Wy, W....... WNV] (4.14)

A widow array is showcased in eq. (4.14), for an Ny, dimensional problem, where a fitness

function fy, illustrates the fitness of each widow.
fo= (W, Wy, Wy Wy, ) (4.15)

So, the algorithm is initiated through the population initialization, where the matrix for the

solution is given by,
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Population matrix=n_ xn,, (4.16)

For the next stage i.e. procreation stage, a pair of two widows are randomly selected. Here the
initial population of 80 widows is initialized, and the unknown parameter vectors ‘9°, ‘w’ and ‘p’

are also initialized through the boundary condition shown in table 4.2-table 4.4.

b) Procreation of widow

Here, two conditions are underlined, firstly, as the widow pairs are independent, hence they
may mate together to reproduce the subsequent generation, or in the later case, they may mate
with other individuals at their respective web, where only the fittest offspring survived. So,
procreation can be modeled as,

W, =0 x W, +(1—0) x W, (4.17)

W,, = 0 xW,, +(1—0)x W, (4.18)
Where, o is the array, having W, and W,, are the two offspring in which, W, and W, are the
parent widows. In order to evade the duplicity in randomly selected widows, this process is
repeated by N% . The array is continuously updated by adding the female parent and offspring

i.e. organized by the fitness values, whereby using cannibalism rating (CR), the fittest widows

are updated in the freshly generated population. The OF1, OF2, and OF3 are evaluated for the
optimal solution, where Ly, . 5, liow,,s)and oy, ) are estimated through eq. (4.4), eq. (4.5)

and eq. (4.6) respectively.

¢) Incorporation of cannibalism

As it is already asserted that cannibalism is one of the most important facts of BW lifecycle,
and is characterized by three types i.e. sexual, spiderling, and female parent. So, to calculate the
number of survivors, a CR is introduced in this algorithm. Where the strength or weakness of the

widow is asserted by using the fitness values.

d) Mutation and convergence

Here, the number of individual widows (M), is randomly selected, where each of the selected

solutions randomly exchanges the two elements in the array, as in eq. (4.19), W; and W, are

selected, where, Mp depends on the mutation rate.
Moreover, for the convergence, no appreciable change in fitness value of the global solution,

fixed number of iterations, and attaining quantified accuracy rate can be considered, here for the
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parameter estimation problem 200 iterations are considered to access the convergence and
optimal solution. The cn-BWO methodology is explained in fig. 4.3.

[V, W, Wy ] [, W, W W (4.19)

Initialise Black Widow ppopulation i.e. 80

!

Initialise parameter vectors 6°, ‘w’ and ‘p’

A

Specify constraints i.e. LB and UB from
Table 4.2, Table 4.3 and Table 4.4

Y

Calculate 1, by using eq. 4.4 - eq. 4.6 for each search agent and evaluate
the OF,

\

f(liovio, i), T(liovio, ) @nd f(liovio, ))bY USING €q. 4.7, eq. 4.8 and eq. 4.9

No
End
Yes
Randomly select parents i.e. the widow -
population member, eq. 4.17 and eq. 4.18 and Show optimised parameters
procreate

i=i+1 *

Apply cannibalism factor

(Generate siblings, destroy father and
some siblings by using CF), and update
population

A

Calculate global Gpes;(X) and mutate
using eq. 4.19

v

Update solution

Fig. 4.3 Block diagram for cn-BWO methodology
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4.4 Results and discussion

The performance of pv-BWO and cn-BWO methods for the solar PV model parameter
extraction problem is critically evaluated, compared, and analyzed in this section, where the
SDM, DDM, and TDM are considered for the analysis. To validate the proposed methods,
experimental data of six different PV, acquired under a particular set of irradiance and

temperature are considered.

Table 4.1 Manufacturer’s datasheet

S. No. | Solar PV modules Known parameters from the manufacturer’s datasheet
Vmpt N) Impt (A) Voc N) Isc (A) Ns | Prmax ON) Temp (OC)
1 |RTC France 0.4507 | 0.6894 | 0.5728 | 0.7603 | 01 - 33
(Monocrystalline)
2 |PWP-201 12.6 0.89 16.78 | 1.031 | 36 12 45
(Polycrystalline)
3 |[ESP -160 PPW 19.26 8.33 22,82 | 887 | 36 160 47

(Polycrystalline)
4 |Sharp ND-R250A5 30.9 8.1 37.6 8.68 | 60 250 475
(Polycrystalline)

5 [EIL75W 18.14 413 | 2234 | 448 | 36 75 25
(Polycrystalline)
6 |SFTI-60P 31.60 823 | 37.14 | 873 | 60 260 25

(Polycrystalline)

The dataset for the RTC France cell and the PWP-201 module is originally proposed in [76],
where various researchers [48], [56], [77], [78] consider the same for the assessment of
effectiveness and robustness of methods instigated for solar PV parameter extraction problem.
Moreover, the experimental data for ESP-160 PPW and Sharp ND-R250A5 is proposed in [8]
and [10] respectively. Whereas, in the fifth and sixth cases i.e. EIL-75W and SFTI-60P module,
the real data is experimentally recorded by the authors, to validate the proposed method’s
explicit performance under real implementation.

Case study 1, referred to an RTC France commercially used monocrystalline silicon PV cell
with a diameter of 57 mm, under G=1000W/m? and T=33 C [76], case study 2 and case 3 refers
to polycrystalline PWP-201 and ESP-160 PPW modules respectively, where 36 cells are
connected in series to form a single module. The Sharp ND-R250A5 a 250 W polycrystalline
module with 60 series cells is referred to as case 4. The manufacturer’s datasheet of all the
considered PV modules is given in table 4.1. The results of each case study are computed
through 200 independent iterations, case 1-case 6 is analyzed for SDM and DDM, whereas case

2 to case 5 is also computed for TDM.
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The computation is carried out in a Matlab® environment, with Intel® core i7-8550U CPU
@1.80GHz, 16 GB RAM, and Windows 10 Professional 64-bit operating system.

Table 4.2 Boundary conditions for DDM

Case study 1 | Case study 2 Case study 3 Case study 4 Case study 5 Case study 6
Parameter| (RTC France) | (PWP-201) | (ESP-160 PPW) | (Sharp ND- (EIL-75W) SFTI-60P
R250A5)
LB uB LB uB LB uB LB uB LB uB LB uB
lon [A] 0 1 0 1 0 10 0 10 0 10 0 1
Isa1[A] | 1E-12 | 1E-5 |1E-12| 1E-5 | 1E-12 1E-5 |1E-12| 1E-5 | 1E-12 1E-5 1E-12 1E-5
I2[A] | 1E-12 | 1E-5 |1E-12| 1E-5 | 1E-12 1E-5 |1E-12| 1E-5 | 1E-12 1E-5 1E-12 1E-5
01 0.5 2.5 0.5 25 0.5 25 0.5 25 0.5 2.5 0.5 2.5
02 0.5 2.5 0.5 25 0.5 25 0.5 25 0.5 2.5 0.5 2.5
Re[Q] | 0.001 2 0.001 | 25 0.001 3 0.001 2 0.001 2.5 0.001 50
Rn[Q] | 0.001 | 120 | 0.001 | 2000 | 0.001 1000 | 0.001 | 5000 | 0.001 600 0.001 3000
Table 4.3 Boundary conditions for SDM
Case study 1 | Case study 2 Case study 3 Case study 4 Case study 5 Case study 6
Parameter| (RTC France) | (PWP-201) | (ESP-160 PPW) | (Sharp ND- (EIL-75W) SFTI-60P
R250A5)
LB UB LB uUB LB uUB LB uUB LB UB LB UB
lon [A] 0 1 0 1 0 10 0 10 0 10 0 1
Is [A] 1E-12 | 1E-5 |1E-12| 1E-5 | 1E-12 1E-5 |1E-12| 1E-5 | 1E-12 1E-5 1E-12 1E-5
a 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5
Re[Q] | 0.001 2 0.001| 25 0.001 3 0.001 2 0.001 2.5 0.001 50
R[] | 0.001 | 120 | 0.001 | 2000 | 0.001 1000 | 0.001 | 5000 | 0.001 600 0.001 3000
Table 4.4 Boundary conditions for TDM
Case study 2 Case study 3 Case study 4 Case study 5
Parameter| (pywp-201) | (ESP-160 PPW) | (SHARP-160 (EIL-75W)
PPW)
LB LB LB uUB LB uUB LB uUB
lon [A] 0 0 0 10 0 10 0 10
la[A] |1E-12 |1E-12| 1E-12 1E-5 1E-12 1E-5 1E-12 1E-5
Is2[A] |1E-12 |1E-12| 1E-12 1E-5 1E-12 1E-5 1E-12 1E-5
Iss[A] |1E-12 |1E-12| 1E-12 1E-5 1E-12 1E-5 1E-12 1E-5
o1 0.5 0.5 0.5 2.5 0.5 2.5 0.5 2.5
o2 0.5 0.5 0.5 2.5 0.5 2.5 0.5 2.5
03 0.5 0.5 0.5 2.5 0.5 2.5 0.5 2.5
R[] | 0.001 | 0.001 | 0.001 3 0.001 2 0.001 2.5
Rn[Q] | 0.001 | 0.001 | 0.001 1000 0.001 5000 0.001 600
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4.4.1 Case study 1: Comparison of STC France (SDM and DDM) using pv-BWO and cn-
BWO methodologies

Based on 20 pair experimental 1-V data of RTC France at G=1000W/m? and T=33 C,

parameter vectors ‘6’ and ‘y’ for SDM and DDM, where J € p> and y € p? are to be extracted.

+

The results are evaluated by using pv-BWO and cn-BWO and compared below based on

computational cost, convergence, and other performance characteristics.

a) Comparison of results and analysis for SDM

For the SDM the five extracted parameters are showcased in table 4.5 with some other
existing techniques which are acquired under the boundary conditions mentioned in table 4.3,
where the convergence of OF1 using pv-BWO and cn-BWO is observed in fig. 4.4(e) and fig.
4.4(f) respectively. It is observed that the pv-BWO method exhibits a low convergence rate to the
best solution i.e. near the 65" iteration that takes a total time of 44.151s for the convergence,
with a low RMSE cost of 0.0026, when compared to the cn-BWO method with RMSE error of
0.0071. Moreover, the pv-BWO exhibits more promising results when compared with cn-BWO
based on other various error functions (Er) as shown in table 4.7 and also when compared with
the few other existing techniques listed in table 4.8.

The comparison of I-V and P-V characteristics drawn through pv-BWO and cn-BWO
techniques, with experimental characteristics and few existing techniques like SFS [79], I-JAYA
[48], IMFO [46], HS [76], and GA [77], are showcased in fig. 4.4 (a)-fig. 4.4 (d). In fig. 4.4 (a)
and fig. 4.4 (c), the I-V and P-V obtained using pv-BWO are observed to be in very close
congruence with the experimental I-V and P-V characteristics, and exhibit more near results
when compared with cn-BWO in fig. 4.4 (b) and fig. 4.4 (d), and other listed techniques. In other
words, from fig. 4.4 (c) the P-V witnessed better power output when compared with the listed
techniques, where a peak power of 0.307943 W is achieved from the pv-BWO method, with an
error of 0.002111 W, while compared with the experimental peak power value.

The values of estimated current (ler) is also compared with the experimental current (lex) in
table 4.6, where pv-BWO illustrates an IAE of 0.0419 i.e. lower by 0.0935 when compared with
the IAE given by cn-BWO.

b) Comparison of results and analysis for DDM
For the DDM, the seven extracted parameters are shown in table 4.5, with the boundary

conditions cited in table 4.2, here it is important to highlight that with the increase in
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complexity related to the DDM, having i € p7 , the rate of convergence is slowed down to 80"

iteration as shown in fig. 4.5 (), while compared with the convergence in SDM i.e. 65" iteration
as shown in fig. 4.4 (e). In other words, the multi-diode model results in high computation cost
along with a higher value of error functions when compared with SDM, and the same is well
observed in table 4.7. Moreover, it is also underlined that in the context of DDM, the
convergence is faster in cn-BWO when compared with the counterpart using pv-BWO, which
can be easily observed in fig. 4.5 (e) and fig. 4.5 (f).

Where the computational cost is higher in cn-BWO when compared with pv-BWO, and the
same along with other Ef can be observed from table 4.7. While comparing the I-V and P-V
performance characteristics a close-fitting is observed with the experimental characteristics by
pv-BWO when compared with cn-BWO, as shown in fig. 4.5 (a)-fig. 4.5(d). Moreover, the It is
also calculated for DDM by using pv-BWO and cn-BWO, and recorded in table 4.6.

Table 4.5 Estimated parameters for SDM and DDM, RTC France

DDM
S.No. Method loh Is1 Is2 ai az Rse Rsh
1 cn-BWO 0.7659 6.1198e-06 | 1.4131e-06 1.9028 1.8966 0.0201 64.1277
2 pv-BWO 0.759529 | 1.68464e-07 | 1.3948e-06 | 1.7522823 | 1.6995565 | 0.02922 | 2420.0395
3 SFS 0.7608 2.183e-07 3.681e-07 1.450 1.820 0.03675 54.5464
4 HS 0.76176 1.2545e-07 | 2.547e-07 1.49439 1.49989 0.03545 46.82696
5 I-JAYA 0.7601 5.0445e-09 | 7.5094e-07 1.2186 1.6247 0.0376 77.8519
6 IMFO 0.76078 2.335e-07 | 6.8372e-07 1.45374 2 0.03671 55.2997
SDM
1 cn-BWO | 0.7678 | 4.2538¢-06 : 1.8456 : 0.0247 | 76.7124
2 pv-BWO 0.761084 | 9.94694e-07 - 1.64813 - 0.0309642 | 73.0401
3 SFS 0.7609 3.167e-07 - 1.47918 - 0.03648 53.2805
4 GA 0.7619 8.087e-07 - 1.5751 - 0.0299 42.372
5 HS 0.7619 3.049e-07 - 1.47538 - 0.03663 53.5946
6 NJAYA 0.7608 3.228e-07 - 1.4811 - 0.0364 53.7595
7 IMFO 0.76078 3.2296e-07 - 1.48117 - 0.03638 53.71456
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Table 4.6 Comparison of estimated and experimental current for SDM and DDM, RTC France

S.No. lex let ‘ AE let | AE let ‘ AE let ‘ AE
(SDM) (DDM) (SDM) (DDM)
(pv-BWO) (cn-BWO)
1 0.76050 0.76070 0.0002 0.7595 0.00100 0.7675 0.00700 0.7656 | 0.00510
2 0.76000 0.75990 0.0001 0.7595 0.00050 0.7667 0.00670 0.7646 | 0.00460
3 0.75900 0.75910 0.0001 0.7594 0.00040 0.7660 0.00700 0.7636 | 0.00460
4 0.75700 0.75840 0.0014 0.7593 0.00230 0.7652 0.00820 0.7626 | 0.00560
5 0.75700 0.75760 0.0006 0.7591 0.00210 0.7642 0.00720 0.7615 | 0.00450
6 0.75550 0.75660 0.0011 0.7585 0.00300 0.7629 0.00740 0.7599 | 0.00440
7 0.75400 0.75500 0.0010 0.7573 0.00330 0.7608 0.00680 0.7575 | 0.00350
8 0.75050 0.75240 0.0019 0.7549 0.00440 0.7571 0.00660 0.7536 | 0.00310
9 0.74650 0.74770 0.0012 0.7501 0.00360 0.7508 0.00430 0.7470 | 0.00050
10 | 0.73850 0.73940 0.0009 0.7415 0.00300 0.7404 0.00190 0.7364 | 0.00210
11 | 0.72800 0.72530 0.0027 0.7270 0.00100 0.7238 0.00420 0.7198 | 0.00820
12 | 0.70650 0.70360 0.0029 0.7046 0.00190 0.6994 0.00710 0.6959 | 0.01060
13 | 0.67550 0.67090 0.0046 0.6713 0.00420 0.6644 0.01110 0.6618 | 0.01370
14 | 0.63200 0.62620 0.0058 0.6261 0.00590 0.6183 0.01370 0.6171 | 0.01490
15 | 0.57300 0.56810 0.0049 0.5678 0.00520 0.5600 0.01300 0.5607 | 0.01230
16 | 0.49900 0.49740 0.0016 0.4972 0.00180 0.4903 0.00870 0.4930 | 0.00600
17 | 0.41300 0.41370 0.0007 0.4138 0.00080 0.4086 0.00440 0.4131 | 0.00010
18 | 0.31650 0.31970 0.0032 0.3202 0.00370 0.3172 0.00070 0.3229 | 0.00640
19 | 0.21200 0.21600 0.0040 0.2169 0.00490 0.2161 0.00410 0.2220 | 0.01000
20 | 0.10350 0.10650 0.0030 0.1076 0.00410 0.1088 0.00530 0.1134 | 0.00990
IAE IAE IAE IAE
0.0419 0.0571 0.1354 0.1301

Table 4.7 Comparison of error functions for SDM and DDM, RTC France

S.No. Error Function (Er) SDM | DDM SDM | DDM
(pv-BWO) (cn-BWO)

1 Mean Absolute Error (MAE) 0.0021 0.0029 0.0064 0.0065

2 Root Mean Square Error (RMSE) 0.0026 0.0033 0.0071 0.0075

3 Mean Biased Error (MBE) 0.0002 0.0002 0.0014 0.0003

4 Sum of Squares (SSE) 0.0002 0.0003 0.0013 0.0015

5 Normalised RMSE (NRME) 0.0027 0.0034 0.0073 0.0077

Table 4.8 Comparison of error functions with existing techniques for RTC France SDM

S. No. Method RMSE MAE AE
1 | pv-BWO 0.00260 | 0.0021 0.0419
2 | cn-BWO 0.0071 0.0064 0.1354
3 |GA 0.00476 | 0.0031277 | 0.081320
4 | TLBO[80] | 0.0058554 | 0.003717 | 0.096653
5 | NRM[81] | 0.0096964
6 | RF2A[82] | 0.01388 | 0.0094014
7 | MBA[83] |0.07620 | 0.044495 | 1.156900
8 | PS[84] 0.0028547 | 0.00215 | 0.055993
9 | Method [85] | 0.0058668 | 0.0037242 | 0.096830
10 | Method [86] | 0.0061149 | 0.0038939 | 0.10124
11 | Method [87] | 0.003161 | 0.001786
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4.4.2 Case study 2: Comparison of PWP-201 (SDM and DDM) using pv-BWO and cn-
BWO methodologies

Based on 25 pair experimental 1-V data of PWP-201 at G=1000W/m? and T=45 C, parameter
vector ‘0” and ‘y’, are to be extracted, for SDM and DDM, where the boundary conditions are
taken from table 4.3 and table 4.2 respectively. Table 4.9, witness the Er observed by using cn-
BWO, which records high computational cost when compared with the pv-BWO. In the context
of the OF considered, pv-BWO records 68.57 percent less computational cost, whereas the cn-
BWO exhibits fast convergence speed when compared with the pv-BWO, in the case of SDM it
is well observed in fig. 4.6 (e) and fig. 4.6 (f).

Due to fewer computational errors, the 1-V and P-V characteristics are in much congruence
with the experimental 1-V and P-V characteristics for pv-BWO while compared with cn-BWO,
the same is well observed in fig. 4.6 (a)-fig. 4.6 (d) for SDM. For the DDM, the suitability of pv-
BWO over cn-BWO is observed from table 4.9, as the OF and other Esshowcase comparatively
higher error for cn-BWO, and due to this the I-V and P-V characteristics of pv-BWO establish
more near relationship with the experimental characteristics and the same can be observed in fig.
4.7 (a)-fig. 4.7 (d).

Table 4.9 Comparison of error functions for SDM
and DDM, PWP 201

S.No = PWP 201
SDM | DDM SDM | DDM
(pv-BWO) (cn-BWO)

1| MAE 0.0029 | 0.0042 | 0.0052 | 0.0054
2 | RMSE | 0.0035 | 0.0050 | 0.0059 | 0.0051
3| MBE - - 0.0002 | 0.0004
4 | SSE 0.0003 | 0.0006 | 0.0009 | 0.0008
5| NRME | 0.0026 | 0.0037 | 0.0044 | 0.0039
6| IAE 0.0729 | 0.1061 | 0.1289 | 0.1151

Table 4.10 Estimated parameters for SDM and DDM, PWP-201

PWP 201 (DDM)

Method loh Is1 Is2 ai a2 Rse Rsh

cn-BwWO | 1.0330 3.8709e-06 5.7577e-06 1.6182 1.4255 1.0945 1275.1

pv-BWO | 1.038914 | 3.877097e-06 | 3.479066e-06 | 1.614638 1.484221 1.102028 | 571.7099

PWP 201 (SDM)

cn-BWO | 1.0424 6.7709e-06 - 1.4286 - 1.0855 461.4783

pv-BWO | 1.03274 | 6.5633e-06 - 1.519067 - 1.118267 | 997.6883
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Whereas, cn-BWO exhibits high convergence when compared with the pv-BWO which can be
well explored in fig. 4.7 (e) and fig. 4.7 (f), all the extracted parameters for SDM and DDM are
well listed in table 4.10.

4.4.3 Case study 3: Comparison of ESP 160 PPW (SDM and DDM) using pv-BWO and cn-
BWO methodologies
A 41 pair experimental |-V data from [10], is chosen for ESP-160PPW module analysis at
G=1000W/m? and T=47 C, the performance analysis and parameter estimation for SDM and
DDM is discussed below,

a) Comparison of results and analysis for SDM

From fig. 4.8 (a)-fig. 4.8 (d), the exactness of the pv-BWO method over cn-BWO s
observed through the congruence of I-V and P-V with the experimental I-V and P-V
characteristics, where the cost function is recorded to 0.0810, whereas cn-BWO records
comparatively higher cost function to 0.0829 with better convergence i.e. 25 iterations, shown in
fig. 4.8 (e) and fig. 4.8 (f), along with table 4.13. All the estimated parameters are listed in table
4.11, by using the boundary conditions defined in table 4.3. Moreover, the variance of Istwith lex
is also furbished in table 4.12, whereby using pv-BWO the peak power of 78.7712 W can be
extracted through the estimated current, with an error of 0.4288 W when compared with the

experimental peak power.

b) Comparison of results and analysis for DDM

Here while comparing convergence in fig. 4.9 (e) and fig. 4.9 (f), the convergence for the
DDM pv-BWO takes more than 75 iterations for obtaining the minimum error, i.e. 0.0867 still
higher than the OF of SDM and cn-BWO. Whereas, cn-BWO recorded higher values for Es on
comparing with the pv-BWO, i.e. depicted well in table 4.13. The I-V and P-V curves still show
prominence with the experimental curves in fig. 4.9 (a)-fig. 4.9 (d), the seven estimated
parameters are listed in table 4.11, where the AE for each experimental data is consolidated in
table 4.12.

Table 4.11 Comparison of estimated parameters for ESP-160PPW SDM and DDM

DDM
S.No. Method loh Is1 Is2 a1 a2 Rse Rsh
cn-BWO 5.4848 9.0389¢-06 5.8174e-06 1.7211 1.7764 0.1366 249.9684
pv-BWO 5.50995 | 6.907142e-06 | 7.572571e-06 2.20062 1.658471 0.1460715 117.1784
SDM
cn-BWO 5.4755 8.7504e-06 - 1.6708 0.1555 320.8297
pv-BWO 5.51681 7.73825e-06 - 1.65767 0.146206 99.0132
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In the case of pv-BWO the peak power extracted is 78.8528 W having an error of 0.3472 on

comparing it with the experimental peak power.

Table 4.12 Comparison of estimated and experimental current for SDM and DDM, ESP-160PPW

S.No. lex let AE let AE let ‘ AE let AE
(SDM) (DDM) (SDM) (DDM)
(pv-BWO) (cn-BWO)
1 0.090 0.1072 0.0172 0.1073 0.017 0.1127 0.0227 0.1042 0.0142
2 0.150 0.2457 0.0957 0.2453 0.095 0.2506 0.1006 0.2405 0.0905
3 0.200 0.2876 0.0876 0.287 0.087 0.2913 0.0913 0.2827 0.0827
4 0.250 0.3617 0.1117 0.3608 0.111 0.3645 0.1145 0.3561 0.1061
5 0.300 0.4346 0.1346 0.4335 0.134 0.4367 0.1367 0.4285 0.1285
6 0.370 0.5287 0.1587 0.5273 0.157 0.5297 0.1597 0.522 0.152
7 0.510 0.5584 0.0484 0.557 0.047 0.5557 0.0457 0.555 0.045
8 0.650 0.6494 0.0006 0.6477 0.002 0.6437 0.0063 0.6474 0.0026
9 0.750 0.6658 0.0842 0.6641 0.086 0.6575 0.0925 0.6662 0.0838
10 0.900 0.8391 0.0609 0.8369 0.063 0.8289 0.0711 0.8387 0.0613
11 1.100 0.8995 0.2005 0.8971 0.203 0.8847 0.2153 0.9028 0.1972
12 1.300 1.2881 0.0119 1.2847 0.015 1.2746 0.0254 1.2859 0.0141
13 1.510 1.6633 0.1533 1.6590 0.149 1.6515 0.1415 1.6567 0.1467
14 1.780 1.8053 0.0253 1.8009 0.021 1.7904 0.0104 1.8014 0.0214
15 2.200 2.2136 0.0136 2.2087 0.009 2.1993 0.0007 2.2094 0.0094
16 2.500 2.5158 0.0158 2.5108 0.011 2.5036 0.0036 2.5113 0.0113
17 2.700 2.7294 0.0294 2.7245 0.024 2.7196 0.0196 2.7246 0.0246
18 2.900 3.0043 0.1043 2.9995 0.099 2.993 0.0993 2.9987 0.0987
19 3.100 3.1811 0.0811 3.1766 0.077 3.1787 0.0787 3.1763 0.0763
20 3.250 3.2883 0.0383 3.2839 0.034 3.2873 0.0373 3.2844 0.0344
21 3.400 3.3516 0.0484 3.3474 0.053 3.3508 0.0492 3.349 0.051
22 3.500 3.4594 0.0406 3.4554 0.045 3.4609 0.0391 3.4571 0.0429
23 3.650 3.5875 0.0625 3.5839 0.066 3.5918 0.0582 3.5862 0.0638
24 3.850 3.7726 0.0774 3.7695 0.081 3.7813 0.0687 3.7727 0.0073
25 4.120 4.0610 0.0590 4.0592 0.061 4.078 0.042 4.0639 0.0561
26 4.580 4.5511 0.0289 4.5524 0.028 4.5842 0.0042 4.5626 0.0174
27 4.950 4.9232 0.0268 4.9283 0.022 4.969 0.019 4.9464 0.0036
28 5.150 5.1323 0.0177 5.1402 0.010 5.1837 0.0337 5.1644 0.0144
29 5.300 5.3157 0.0157 5.326 0.026 5.365 0.065 5.3547 0.0547
30 5.380 5.3808 0.0008 5.3906 0.011 5.42 0.04 5.416 0.036
31 5.390 5.4159 0.0259 5.4234 0.033 5.441 0.051 5.4411 0.0511
32 5.440 5.4444 0.0044 5.4484 0.008 5.4524 0.0124 5.4554 0.0154
33 5.470 5.4743 0.0043 5.474 0.004 5.4621 0.0079 5.468 0.002
34 5.480 5.4839 0.0039 5.4821 0.002 5.4652 0.0148 5.4719 0.0081
35 5.490 5.4853 0.0047 5.4833 0.007 5.4656 0.0244 5.4724 0.0176
36 5.490 5.4859 0.0041 5.4838 0.006 5.4658 0.0242 5.4727 0.0173
37 5.500 5.4890 0.0110 5.4864 0.014 5.4667 0.0333 5.4739 0.0261
38 5.510 5.4905 0.0195 5.4877 0.022 5.4672 0.0428 5.4745 0.0355
39 5.500 5.5021 0.0021 5.4975 0.003 5.4708 0.0292 5.4791 0.0209
40 5.500 5.5072 0.0072 5.5018 0.002 5.4724 0.0276 5.4811 0.0189
41 5.510 5.5087 0.0013 5.5031 0.007 5.4728 0.0372 5.4817 0.0283
IAE IAE IAE IAE
1.9393 1.952 2.1968 2.4509
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Table 4.13 Comparison of error functions for ESP-160PPW SDM and DDM

S. No. Error Function (Ex) SDM | DDM SDM | DDM
(pv-BWO) (cn-BWO)
1 | Mean Absolute Error (MAE) 0.0544 | 0.0546 0.0602 | 0.0570
2 | Root Mean Square Error (RMSE) 0.0810 | 0.0867 0.0829 | 0.0891
3 | Mean Biased Error (MBE) 0.0005 | 0.0007 0.0003 | 0.0008
4 | Sum of Squares (SSE) 0.2820 | 0.2860 0.2954 | 0.2893
5 | Normalised RMSE (NRME) 0.0148 | 0.0148 0.0152 | 0.0146
6 | Integral Absolute Error (IAE) 1.9393 | 1.9520 2.1968 2.4509

4.4.4 Case study 4: Comparison of Sharp ND-R250A5 (SDM and DDM) using pv-BWO
and cn-BWO methodologies

A 36-pair experimental 1-V data of Sharp ND-R250A5 at G=1000W/m? and T=59 C,

parameters are to be extracted for SDM and DDM. All the estimated parameters for SDM and
DDM are well detailed in table 4.15.

a) Comparison of results and analysis for SDM

As observed in previous cases similar results are highlighted for this case study, where, for
SDM the cn-BWO exhibits high convergence speed i.e. nearly in 25 iterations whereas, pv-BWO
takes about 50 iterations for the convergence i.e. is well observed from fig. 4.10 (e) and fig. 4.10
(f) for SDM. Even though the I-V and P-V characteristics are in congruence with the
experimental characteristics in pv-BWO and ¢cn-BWO as shown in fig. 4.10 (a)-fig. 4.10 (d),
where high RMSE is observed with cn-BWO i.e. 0.0592 when compared with the RMSE for pv-
BWO i.e. 0.0117, moreover the same is observed with other Erin table 4.14.

b) Comparison of results and analysis for DDM

Comparatively, high RMSE is recorded for the DDM when compared with the SDM, i.e.
0.0202 for pv-BWO whereas, cn-BWO exhibits an RMSE of 0.0857 for the DDM, due to which
the I-V and P-V characteristic through proposed pv-BWO is more nearly aligned with the

experimental characteristics when compared with the cn-BWO as shown in fig. 4.11 (a)-fig. 4.11
(d).
Table 4.14 Comparison of error functions for SHARP SDM and DDM

S.No. Error Function (E) SDM | DDM | sSDM | DDM
(pv-BWO) (cn-BWO)
1 Mean Absolute Error (MAE) 0.0094 | 0.0179 | 0.0516 | 0.0710
2 Root Mean Square Error (RMSE) 0.0117 | 0.0202 | 0.0592 | 0.0857
3 Mean Biased Error (MBE) 0.0002 | 0.0003 | 0.0179 | 0.0015
4 Sum of Squares (SSE) 0.0049 | 0.0147 | 0.1260 | 0.2647
5 Normalised RMSE (NRME) 0.0013 | 0.0022 | 0.0065 | 0.0094
6 Integral Absolute Error (IAE) 0.3387 | 0.6451 | 1.8582 | 2.5546
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Table 4.15 Comparison of estimated parameters for SHARP SDM and DDM

DDM
S.No. Method Iph Is1 Is2 al a2 Rse Rsh
1 cn-BWO | 9.1956 6.0344e-06 4.7478e-06 1.4312 1.3982 0.5090 495.1486
2 pv-BWO | 9.16536 1.9939834e-08 | 2.2529613e-06 | 1.87918 1.41657 0.57312 4964.177
SDM
1 cn-BWO 9.1724 8.6275e-06 - 1.3937 0.5317 1452.6
2 pv-BWO | 9.1518617 1.244643e-06 - 1.363666 0.58690 4700.589

4.4.5 Case study 5: Comparison of EIL 75W (SDM and DDM) using pv-BWO and cn-BWO
methodologies

An experimental test is a setup in outdoor environmental conditions, where a 149 pair of EIL

75 W |-V data is recorded through MECO 9018BT solar PV analyzer at 897 W/m? and T=60.4 C.

The irradiance and temperature are recorded by the irradiance and temperature sensor, all the

components of the setup are shown in fig. 4.12. The recorded data is used for the parameter

estimation and analyzing the results for EIL 75W SDM and DDM, where all the estimated

parameters are recorded in table 4.17.

a) Comparison of results and analysis for SDM

The superimposition of proposed I-V and P-V characteristics over experimental I-V and P-V
characteristics is shown in fig. 4.13 (a)-fig. 4.13(d), where a closer relationship is observed with
pv-BWO having an RMSE of 0.0380 when compared with cn-BWO having a high-cost function
of 0.0441. It is important to understand that even with the real recorded data by the authors, cn-
BWO exhibits a high convergence speed that takes 15 iterations when compared with pv-BWO,
as shown in fig. 4.13 (e) and fig. 4.13 (f). Moreover, for the pv-BWO technique the peak lex is
4.2090, wherein in response the peak let of 4.1595 is recorded, i.e. an AE of 0.0495. The
convergence of population to the optimal solution i.e. towards the estimated parameters with the

progress in iterations for pv-BWO is witnessed in fig. 4.15 (a) to fig. 4.15 (e).

b) Comparison of results and analysis for DDM

It is important to understand that to process 149 data points pv-BWO take approximately
125 iterations with a cost of 0.0455 i.e. somewhere equal to the cost delivered by cn-BWO with
high convergence as observed in fig. 4.14 (e) and fig. 4.14 (f). Moreover, table 4.16 showcases
high Es values over SDM, whereas, the estimated I-V and P-V are validated by the experimental
I-V and P-V as shown in fig. 4.14 (a) to fig. 14 (d). A peak power of 57.41 W is extracted
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through pv-BWO in the given environmental condition which is 1.55608 W less than the peak

experimental power.

EIL 75W/
SFTI 60P

Fig. 4.12 Outdoor experimental setup

Irradiance meter with
Temperature Sensor

PV Analyser,
MECO 9018BT

Table 4.16 Comparison of error functions for EIL-75W SDM and DDM

S.No. Error Function (Ey) SDM | DDM SDM | DDM
(pv-BWO) (cn-BWO)
1 Mean Absolute Error (MAE) 0.0283 0.0361 0.0349 0.0368
2 Root Mean Square Error (RMSE) 0.0380 0.0455 0.0441 0.0459
3 Mean Biased Error (MBE) 0.0017 0.0001 0.0002 0.0036
4 Sum of Squares (SSE) 0.2155 0.3081 0.2898 0.3142
5 Normalised RMSE (NRME) 0.0096 0.0115 0.0111 0.0116
6 Integral Absolute Error (1AE) 4.2131 5.3769 5.1936 5.4891

Table 4.17 Comparison of estimated parameters for EIL-75W SDM and DDM

DDM
S.No. Method Iph Is1 Is2 a1 a2 Rse Rsh
1 cn-BWO 4.1739 5.5739¢-06 5.2966e-06 1.6038 1.4542 0.2654 | 831.8480
2 pv-BWO 4.17713 5.664128e-06 5.492524e-06 2.01389 1.6019 0.2863969 504.5037
SDM
1 cn-BWO 4.1616 7.5575e-06 - 1.4644 - 0.2782 2082.6
2 pv-BWO | 4.161629 1.408631e-06 - 1.449671 - 0.3494873 742.3116
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4.4.6 Case study 6: Comparison of SFTI 60 P (SDM and DDM) using pv-BWO and cn-
BWO methodologies
An experimental test is setup in outdoor environmental conditions, where a 149 pair of
SFTI-60P I-V data is recorded through MECO 9018BT solar PV analyzer at 983 W/m? and T=51
C, by using the same setup shown in fig. 4.12. The recorded data is used for the parameter
estimation and analyzing the results for SFTI-60P, SDM, and DDM.

a) Comparison of results and analysis for SDM

The superimposition of proposed |-V characteristics over experimental 1-V for SFTI 60 P,
SDM, by using pv-BWO and cn-BWO is shown in fig. 4.16 (a) and fig. 4.16 (b) respectively,
where pv-BWO approach exhibits more near results to the experimental I-V and can be
compared while observing table 4.18. Where, cn-BWO has shown better convergence speed i.e.
near to 15 iterations when compared with the pv-BWO convergence curve that takes about 80
iterations to observe the optimal result, as shown in fig. 4.16 (e) and fig. 4.16 (f). All the
estimated parameters for the SDM and DDM are listed in table 4.19, whereas the P-V
characteristic is compared in fig. 4.16 (c) and fig. 4.16 (d). Where pv-BWO delivers a high peak

current when compared with cn-BWO.

a) Comparison of results and analysis for DDM

Similar results are observed for the DDM as of SDM, where high convergence is given by
the cn-BWO, as shown in fig. 4.17 (e) and fig. 4.17 (f). Whereas cn-BWO exhibits high RMSE
when compared with pv-BWO, and the same is well observed with other Et in table 4.18. The I-V
and P-V characteristics are also compared with the experimental I-V and P-V, where a more near
relationship with the experimental characteristics is observed with pv-BWO, as shown in fig.
4.17 (a)-fig. 4.17 (d).

Table 4.18 Comparison of error functions for SFT1-60P SDM and DDM

S.No. Error Function (Er) SDM [ DDM SDM | DDM
(pv-BWO) (cn-BWO)
1 Mean Absolute Error (MAE) 0.0416 | 0.0423 0.0713 0.0653
2 Root Mean Square Error (RMSE) 0.0744 0.0726 0.0935 0.0884
3 Mean Biased Error (MBE) 0.0005 0.0001 0.0073 0.0086
4 Sum of Squares (SSE) 0.8240 0.7852 1.3014 1.1635
5 Normalised RMSE (NRME) 0.0107 0.0104 0.0134 0.0127
6 Integral Absolute Error (1AE) 6.1999 6.3055 10.616 9.7289
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Table 4.19 Comparison of estimated parameters for SFTI1-60P SDM and DDM

SFTI-60P (DDM)

Method loh Is1 Is2 ai a2 Rse Rsh

cn-BWO 7.2481 5.9645e-06 5.4900e-06 1.5038 1.4024 21.3971 2518

pv-BWO 7.39539 3.47013e-06 5.01464e-06 1.90315 1.26291 0.356869 81.9335
SFTI-60P (SDM)

cn-BWO 7.2332 7.2126e-06 - 1.3939 - 0.39670 61.344

pv-BWO 7.42553 | 79.71515e-07 - 1.21645 - 0.414485 67.477

4.4.7 Estimation of parameters for TDM using pv-BWO and cn-BWO methodology

As in the previous section the parameters are extracted for the SDM and DDM, where it is

asserted that the multi-diode models exhibit higher errors when compared with the SDM.

Similarly, for the TDM, higher errors are observed in table 4.21, when compared with the errors
for SDM and DDM. For instance, in case 2, i.e. for PWP 201, from table 4.9, it is evident that
the RMSE for the SDM using pv-BWO 0.0035, whereas from table 4.21 it is observed that for
the TDM the RMSE rises to 0.0048. In this section, parameters are estimated using TDM for

case 2, case 3, case 4, and case 5, under the boundary conditions given in table 4.4. There are

about nine parameters for each case, i.e. listed in table 4.20, whereas various Es is also recorded

under a set of boundary and environmental conditions, and listed in table 4.21. As observed in

previous cases of SDM and DDM, pv-BWO exhibits more precise results when compared cn-

BWO, whereas cn-BWO exhibits high convergence speed, and the same is observed in fig. 4.18-

fig. 4.21.
Table 4.20 Estimated parameters for TDM
cn-BWO
S.No. | Parameters | PWP-201 ESP 75W EIL 75W Sharp ND-R250A5
1 lph 1.0372 5.4847 4.1762 9.1821
2 ls1 5.5304e-06 6.1635e-06 4.6214e-06 4.8291e-06
3 ls2 5.5143e-06 | 5.1077e-06 5.1485e-06 | 4.5460e-06
4 Is3 6.7390e-06 7.1236e-06 5.7369e-06 4.7332e-06
5 01 1.7258 1.8338 1.5354 1.6901
6 o2 1.7381 1.7862 1.5350 1.3976
7 03 1.4540 1.7238 1.5732 1.4143
8 Rse 1.0242 0.1314 0.2396 0.5219
9 Rsh 903.1559 273.2176 800.4345 1149.6
pv-BWO
1 lph 1.03604 5.46144 4.187191 9.1750742
2 ls1 2.1569e-06 6.004136e-06 le-12 9.5680098e-06
3 Is2 2.2682e-06 8.655162e-06 1.0622e-06 2.5268593e-06
4 Is3 5.39168e-06 | 3.02063e-06 9.4108e-06 1.8086547e-06
5 01 1.875279 1.625332 0.672249 2.3215188
6 02 1.405315 2.442775 1.70901 2.4998433
7 03 1.467366 1.645532 1.662155 1.2537776
8 Rse 1.083005 0.1559871 0.5434128 | 0.57711493
9 Rsh 767.3599 1864.6915 259.1338 9.1750742
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Table 4.21 Comparison of error functions for TDM

pv-BWO
S.No. | PV Module | MAE | RMSE | MBE | SSE NRME IAE
1 PWP 201 0.0041 | 0.0048 | 0.0000 | 0.0006 | 0.0036 | 0.1025
2 ESP160PPW | 0.0628 | 0.0639 | 0.0035 | 0.3028 | 0.0154 | 2.6992
3 Sharp 0.0152 | 0.0180 | 0.0001 | 0.0117 | 0.0020 | 0.5483
4 EIL 75W 0.0272 | 0.0414 | 0.0008 | 0.2553 | 0.0104 | 4.0475
cn-BWO

PWP 201 0.0056 | 0.0063 | 0.0003 | 0.0010 | 0.0047 | 0.1410
ESP160PPW | 0.0569 | 0.0792 | 0.0007 | 0.2701 | 0.0145 | 2.4456
Sharp 0.0585 | 0.0668 | 0.0164 | 0.1607 | 0.0073 | 2.1075
EIL 75W 0.0389 | 0.0485 | 0.0027 | 0.3500 | 0.0122 | 5.7971

AIWIN|F-

4.5 Chapter summary

This chapter presents a comparative analysis of two metaheuristic approaches based on the
pv-BWOA and cn-BWO to estimate, precisely and quickly, the unknown parameter set for
various solar PV models. Both approaches were implemented by using the experimental data, to
estimate the unknown parameters of the SDM, DDM, and TDM. The validation of the proposed
methodologies was carefully carried out through six different case studies, four case studies are
extensively analyzed in various literature, whereas to examine the proposed methodology the
fifth and sixth case study is performed in a real outdoor experimental environment. For case
study 1, the RMSE values of SDM are compared with cn-BWO and a few existing techniques in
the literature and observed that the pv-BWO methodology exhibits more promising results. The
I-V and P-V characteristics of both SDM, DDM, and TDM that are carried out through pv-BWO,
match more closely with the experimental data when compared with cn-BWO, which showcases
the preciseness of pv-BWO methodology. Whereas cn-BWO exhibits high convergence when
compared with pv-BWO, the same is observed with cases 1 to case 6. With these case studies,
we conclude that the pv-BWO and cn-BWO are among the newest, modern, and precisely tuned
methods for the mathematical model parameter estimation of solar PV, where cn-BWO exhibits
high converging ability, whereas, the pv-BWO gives less erroneous results, under the same sets

of boundary and environmental conditions.
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Chapter 5

IMPLEMENTATION OF TWO NEW HYBRID APPROACHES
USING SAILFISH AND SPOTTED HYENA OPTIMISERS

5.1 General

In the literature cited in chapter 2, parameter estimation is characterised majorly by three
categories i.e. analytical, metaheuristic, and hybrid approaches. Where hybrid approaches are
considered the most advanced techniques for the parameter estimation problem. It is also
important to underline that in most of the methodologies implemented in literature for the
parameters estimation of SDM and DDM the current values are to be estimated with the least
errors. As the current equations for the SDM and DDM do not admit explicit solutions, hence
there are significant limitations associated with the explicit simulation and parameter estimation.
Moreover, there are few constraints observed in metaheuristic approaches in the context of
global and local optima, where improvement in exploitation and exploration is a matter of
concern [6], [88], which is also well explained for hybrid solar PV systems [89]. Hence, to
improve the preciseness of estimated parameters a hybrid arrangement is constituted i.e. an
association of analytical or numerical or metaheuristic approaches together, to improve the
overall efficiency of the parameter estimation problem.

In this chapter, two new hybrid approaches are introduced for solar PV parameter
estimation, using Sailfish optimisation (SFO) and Spotted hyena optimisation (SHO), along with
the Newton-Raphson method (NR) through experimental 1-V datasets. The proposed hybrid
methodologies minimises the premature convergence to local minima, and a balance of
exploration and exploitation is presented through the proposed methodologies. Five cases are
considered, where the validation of the methodologies is carried out with the help of
experimental datasets, whereas in the fourth and fifth cases 149 pairs of the experimental I-V
datasets are considered that are recorded by the authors and also referred to in chapter 4.
Moreover, a critical comparison of hybrid SFO (h-SFO) and hybrid SHO (h-SHO) is also carried
out for all the above-mentioned cases and asserted that the h-SHO performs well when compared
with h-SFO, in terms of converging speed, various error functions, and most importantly the

objective function considered, later the analysis is also carried for TDM by using h-SHO.

5.2 Problem formulation

As explained in chapter 4, the objective is same as to estimate vector o = [lph, Is, o, Rse, Rsn]

for SDM, v = [lpn, ls1, Is2, a1, 02, Rse, Rsn], for DDM, and p= [lph, ls1, s, Is3, a1, a2, a3, Rse, Rsh] for

87



TDM. Where the objective is also referred to in chapter 4 i.e. minimisation of the variance
between experimental and estimated data or the minimisation of error. Hence, here also the eq.
4.1, eq. 4.2 and eq. 4.3 are considered the objective function for the SDM, DDM, and TDM
respectively.

5.2.1 Problem formulation for SDM

The optimised parameters are assessed through the estimated current that gives the least error
when compared with the experimental current value. As for the case of SDM, it is observed that
eq. (1.8), does not give an explicit solution for the precise parameter estimation, hence these
limitations can be minimised by using numerical methods like NR and Lambert W method [6].
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Fig. 5.1 Evaluation of estimated current using Newton-Raphson method

88



In the suggested approach, the current is estimated through the NR method by following the

steps shown in fig. 5.1. The solution for the function f (Imww(a)ﬁ)j, i.e. the eq. (4.7) is evaluated

A
f I 10(Vio iy ,0)

5.1, the derivative of f(ho(vm(i)ﬁ)j concerning f.o(v,o(i),g,in eq. (5.1), is evaluated for each

till the function value satisfies the stopping constraint <10, As shown in fig.

successive iteration. Whereas, the boundary conditions for the SDM are given in table 5.1.

[Vlo+| |°(Vlo(i)v5)XRsej

I.xR_|e Vi

df (i\lo(vlo(i)v5)j
_Re

) Vth Rsh (5. 1)

A
dl 10(Vig(iy,0)

5.2.2 Problem formulation for DDM
For the DDM, the estimated current is evaluated by using eq. (1.9), the current function is
given by f(fuo(vk,“),w,j, for the estimation of seven unknown parameters, here also the flow

diagram in fig. 5.1 is considered, where the derivative of eq. (4.8), can be written as eq. (5.2),

where the boundary condition for the DDM parameters are given in table 5.2.

N
(Vm +loVio(iy #) XRsej [V|0+?|°(Vlu(i)v'//) steJ

Vin Vth

A ISlXRse € IsZXRse €
df (I IO(Vlo(i)rW))

- _ _ ——% 1

Vth Vth Rsh

d I 10(Vio iy )

(5.2)
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5.2.3 Problem formulation for TDM

For the TDM, eq. (5.3), is considered for the estimation of current through NR method, where
eq. (1.10) and eq. (4.9) is used to formulate eq. (5.3). The fig. 5.1, is to be followed for the

estimation of current, where the current function is given by f(f.o(vb(i),p)j, and nine parameters

are to be estimated. The derivative of eq. (4.9), can be written as eq. (5.3), where the boundary
condition for the DDM parameters are given in table 5.3.

[VInJrI'O(VIo(i)‘P)XRse] (Vm*?lc(\/m(i)‘p)XRse] V|O+?|U(Vlg(i)\/’)XRSe
V; ) Vih Vih
% th
A |51 Rse € Isz X Rse € IsZ X Rse €

df | | 10(Vio (i 0) R
P — — __Se

T V, V V R
dl 10(Vig(y2) th th th sh
(5.3)

5.3 Proposed methodologies

In this chapter two methodologies i.e. the sailfish optimisation [90] and spotted hyena
optimisation [91] framework is elucidated, for the parameter estimation problem through the
minimisation of objective functions given in eq. (4.1), eq. (4.2) and eq. (4.3) for SDM, DDM,
and TDM respectively. The SFO is a nature-inspired metaheuristic approach that imitates the
sailfish hunting strategy, whereas, the SHO is inspired by the hunting behaviour of spotted
hyenas. Here, the current is estimated through the Newton-Raphson method expressed in fig. 5.1,
and the estimated current is incorporated with these two proposed metaheuristic methodologies

to estimate the optimised parameters through eq. (4.1)-eq. (4.3).

5.3.1 Methodology 1: Sailfish optimisation (SFO)

The SFO algorithm is a nature-based metaheuristic approach initially proposed in [90], where
the alteration in the group hunting strategy of sailfish is modelled for the solution of various
engineering problems. Sailfish are considered the fastest fish that reach a speed of 100km/hr,
they hunt for small active sardine fishes in groups. The active movement of sardine fishes
became a challenge for the sailfish, to mitigate this active maneuver by the sardine fishes, the

sailfish continuously alter their attacking strategy of hunting.
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Fig. 5.2 Methodology for Sailfish optimisation

Various stages of strategies are well shown in fig. 5.2, and further explained in four stages as,

a) Initialisation

In the randomly generated population, the candidate solution is signified by the sailfish,

whereas the problem variable is given by the position of the sailfish. In a multi-dimensional

search space, the i sailfish member having f" searching instant, the current position can be

represented by, Sfsin € Ra(1, 2, 3,.....,

r). The position matrix for each sailfish is given by eq.

(5.4), whereas the fitness matrix i.e. the objective function value saved throughout the

optimisation process is witnessed by the matrix in eq. (5.5). Moreover, the herd of sardine fishes

is also playing a significant role in the proposed methodology, where it is assumed that the

sardine fishes are also floating in the search space. Hence the position and the fitness matrix for

the sardine fishes are modeled in eg. (5.6) and eq. (5.7), where k is the number of sardines fishes,

and ‘d’ is the number of variables.

Sfeuy  Sfuy - St

Sty Stpa o St

St =|
st(r,l) st(r,Z) Sfs(r,d)
f (stf 1) stf 12) stf (1,d)) Ft(l)
f (stf (21) stf (2,2) stf (2,d)) I:t(2)
Sty = ; ; : T
f (stf (r,1) stf (r,2) stf (r,d)) I:t(r)

(5.4)

(5.5)
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It is important to understand that sailfish and the sardines fishes are the corresponding
factors responsible for the optimal solution, as the sailfish position is scattered in the search
space, where sardines fishes lead to achieving the best possible position of sailfish.

b) Elitism factor

With each iteration, the best sailfish position is saved and considered as an elite sailfish
identified so far, which in turn impacts the manoeuvrability and movement of sardines fishes
during the attack. Whereas the sardines fish may injure by the slashing motion of the rostrum

during hunting, hence it is important to store the position of injured sardine as the finest target,
Pie“sfs) and Piinj(s,f) the position of elite sailfish and injured sardine respectively have the highest

fitness value at i™ iteration.
c) Alternation strategy during an attack
The sailfish attack from all possible directions and change their position around the best

solution, i.e. a sphere around the best solution. Whereas, every new position of sailfish is
updated through eq. (5.8), where Pinw(sfs) is the new position, Picu(sfs) is the current position of the

sailfish, and 7;, is the coefficient for ith iteration.

Plast) + Plinics) J_ Pl )J (5.8)

Pinw(st) = PieI(st) /] X{rand (0,1)x{ >

n, =2xrand(0,1) x P, (5.9)

Prey density (Pq), exhibits the number of prey in each iteration, during the hunting process the

number of prey decreases, where ‘Pq’ plays a vital role in updating the sailfish position, Ng and

N, the number of sailfish and sardine fishes respectively.
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N
P, =1- s (5.10)
Nst + Ny

‘Pq’ ranges from -1 to 1, which depends on the number of prey, P4 =1 exhibits rand (0,1) > 0.5,
P4 = -1, implies rand (0,1) < 0.5 and rand (0,1) = 0.5 for P4 = 0. Hence, given this, the variation
of ‘P4’ mathematically model the divergence among sailfish and convergence around the prey
i.e. sardine fishes.

d) Hunting of prey

It is important to highlight that in most cases a complete carnage of sardines is not commonly
observed, where a prominent sardine population undergoes injury. Initially, both the sardine and
sailfish are energetic, which enables high escape movement by the sardine, whereas, over time
the hunting ability of sailfish weakens and the sardine’s escape maneuver also deteriorates. So,
to model this effect, the sardine position is updated based on the current sailfish position and the

power of hunting with each incrimination in iteration. The new position of sardine is given by

eq. (5.11), where Pio,(Srf) is the current position with sailfish attack power p_, where a;and p are
the coefficient to regulate the P,, from a; to 0.

PinW(Sn‘) = rX(PieI(st) - PioI(Srf) + Pwr) (5.11)

Pwr =a, X(l—ZX |teru) (5.12)
Whereas, the P,, responsible for the sardine fish position updation i.e. given by using factor o =

Pur XNgq, and g —d, <N, , the di are the variables at ith iterations. So, in the proposed

methodology, the position of hunter fish and prey fish are randomly generated, where injured
prey and the elite hunter are responsible to update the position of each hunter sailfish. The

probability of hunting new prey can be maximized by using eq. (5.13).

Pi(SfS) = Pi(Srf) if f (Srf,) < f(Sf) (5.13)
Where at ith iteration sardine position is given by Pi(sﬁ), the sailfish position at ith iteration is

given by Pi(sfs). The position of the prey fish is updated based on the power of the hunter fish,

after updation of the position, the proposed objective function is calculated. If any of the prey
fish shows more fitness value than any other hunter fish update with the same position, where the

hunted prey will have been removed from the prey population.
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Fig. 5.3 Proposed methodology for parameter estimation using Sailfish optimisation

5.3.2 Methodology 2: Spotted hyena optimisation (SFO)

This methodology incorporates the social behaviour of spotted hyenas, especially skillful
hunting, i.e. well explained in [91]. Hyenas are the hefty carnivores of the dog species, they
communicate among members through various social calls and signals. The hunting behaviour
of spotted hyenas is modeled in four steps, i.e. searching and tracking, encircling prey, hunting,
and attacking prey, where two-dimensional position vectorization for hunting is showcased in
fig. 5.4.
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Fig. 5.4 Two-dimensional vectorization of Spotted Hyena
a) Encircling prey

Here, target prey is considered as the best candidate solution, i.e. the objective which is near
to the optimum solution, where the other search population update positions, according to the

solution of the best search candidate.

Ay =U.R.(x) =R, (%) (5.14)
P(x+1) =R(x)-g.d,, (5.15)

N
Distance between prey and the spotted hyena is given by dhy , where ‘X’ is the current iteration,

U and 6 are the coefficient vectors considered, whereas, 5, and Sh are the position vector of

the prey and spotted hyena respectively.

U =2.rd, (5.16)
g=2j.rd,— j (5.17)
=5-(ix(5/n)) (5.18)

To balance the ability of the proposed methodology for exploration and exploitation, * T T 1S

linearly decreased to 0 from 5, till ‘n’. In fig. 5.4, it is observed that the position of the hyena
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i.e. (X, Y) continuously updated as per the position of the prey i.e. (X, Y, by using eq. (5.14)
and eq. (5.15).

b) Prey hunting

Spotted hyenas hunt in groups, and align the hunt with the network of other trusted hyenas
groups to identify the location of prey. Here it is assumed that the location of prey is already
known to the optimum value search agent, whereas the trusted network search population update
its position as per the position of the best search agent and saved the best solution with the

increment in iterations.

dhy =U.R,—-R (5.19)
P =Rn—9 'dhy (5.20)
C:k = I§k+ P,:1+ ..... + P;N (5.21)

(§k is the group, where N, exhibits the number of spotted hyenas, th is the position of the first

best hyena, and the position of other hyenas are signified by Sk . The computed hyenas ‘Np’ is

given by eq. (5.22). Where Ngi are the number of solutions and My is a random vector within
[0.5, 1].

I\Th =N, (I;h+ P,:l+ ..... + (Bh+ Mﬂh)) (5.22)

c) Attack on prey

The variation in vector ‘j’, i.e. eg. (5.18), promises a change in eq. (5.17) i.e. vector ‘Q’,

where |g|<1 exhibits the forcing of hyena group towards prey, where B(x+1) stores the best

solution, and the position of other hyenas in the group is also updated accordingly.

The attack phenomenon explains the exploitation ability of the proposed method,

@y

P(x+1) = (5.23)

z|

where vector ‘g’, enables the global search of prey, | g | > 1, that exhibits the movement of

hyenas away from the prey, hence, the exploration is exercised through eg. (5.16) - eq. (5.18).
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Fig. 5.5 Proposed methodology for parameter estimation using Spotted Hyena optimisation

5.4 Result and analysis

The analysis of h-SHO and h-SFO approaches for parameter estimation of solar PV are carried
out in this section, where the results are evaluated for SDM, DDM, and TDM. Experimental data
of five different PV are considered, i.e. acquired under a particular set of environmental
conditions. The RTC France, PWP-201, Sharp ND-R250A5, EIL 75 W, and SFTI 60P are the

five modules considered and each module is considered as a case study.
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All the datasets considered are already referred to in section 4.4 along with the manufacturer’s

datasheet, all the set of conditions for each case is the same as explained in chapter 4. The

computation is carried out in a Matlab® environment, with Intel® core i7-8550U CPU
@1.80GHz, 16 GB RAM, and Windows 10 Professional 64-bit operating system.

Table 5.1 Boundary conditions for SDM

Case study 1 | Case study 2 | Case study 3 Case study 4 Case study 5
Parameter| (RTC France) | (PWP-201) | (Sharp ND- (EIL-75W) SFTI-60P
R250A5)
LB UB LB uB LB uUB LB uB LB UB
lon [A] 0 1 0 10 0 10 0 10 0 10
Is [A] 1E-12 | 1E-5 |1E-12| 1E-5 |1E-12| 1E-5 | 1E-12 | 1E-5 | 1E-12 1E-5
a 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5
Re [Q] | 0.001 2.5 |0.001 3 0.001 2 0.001 3 0.001 50
R[] | 0.001 | 100 | 0.001 | 1000 | 0.001 | 5000 | 0.001 1000 0.001 3000
Table 5.2 Boundary conditions for DDM
Case study 1 | Case study 2 | Case study 3 Case study 4 Case study 5
Parameter| (RTC France) | (PWP-201) | (Sharp ND- (EIL-75W) SFTI-60P
R250A5)
LB uB LB uB LB UB LB UB LB UB
lon [A] 0 1 0 10 0 10 0 10 0 10
Ia[A] | 1E-12 | 1E-5 |1E-12| 1E-5 |1E-12 | 1E-5 | 1E-12 | 1E-5 1E-12 1E-5
I2[A] | 1E-12 | 1E-5 |1E-12| 1E-5 |1E-12 | 1E-5 | 1E-12 | 1E-5 1E-12 1E-5
o1 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5
a2 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5
Re[Q] | 0.001 2 0.001| 25 |0.001 2 0.001 3 0.001 50
R[] | 0.001 | 120 | 0.001 | 2000 | 0.001 | 5000 | 0.001 1000 0.001 3000
Table 5.3 Boundary conditions for TDM
Case study 1 | Case study 2 Case study 3 Case study 4 Case study 5
Parameter| (RTC France)| (PWP-201) (Sharp ND- (EIL-75W) SFTI-60P
R250A5)
LB UB LB uUB LB uUB LB uB LB uUB
lon [A] 0 1 0 10 0 10 0 10 0 10
la[A] |1E-12| 1E-5 | 1E-12 | 1E-5 | 1E-12 | 1E-5 1E-12 1E-5 1E-12 1E-5
I2[A] |1E-12| 1E-5 | 1E-12 | 1E-5 | 1E-12 | 1E-5 1E-12 1E-5 1E-12 1E-5
Is[A] |1E-12| 1E-5 | 1E-12 | 1E-5 | 1E-12 | 1E-5 1E-12 1E-5 1E-12 1E-5
o1 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5
az 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5
a3 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5 0.5 2.5
Re[Q] [0.001| 2 0.001 2.5 0.001 2 0.001 3 0.001 50
R[] | 0.001| 120 | 0.001 | 2000 | 0.001 | 5000 0.001 1000 0.001 3000
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5.4.1 Case study 1: Comparison of STC France (SDM and DDM) using h-SHO and h-

SFO methodologies

In 300 iterations, the best optimised results with a min of RMSE, and the computational cost

is presented. For the SDM the five extracted parameters through the proposed h-SHO and h-SFO

techniques are showcased in table 5.4, which are acquired under the boundary conditions

mentioned in table 5.1. In fig. 5.6 (c), it is observed that h-SHO exhibits high convergence ability
at low RMSE i.e. 0.0025 when compared with h-SFO having RMSE of 0.0120. Moreover, h-

SHO also exhibits better results when compared with other techniques in literature and based on

other error functions like MAE and AE, shown in table 5.5. The l¢ for each experimental data
point is given in table 5.7, for h-SHO and h-SFO, where h-SHO targets a low AE of 0.0433
when compared with an AE of 0.2190 for h-SFO.

Table 5.4 Estimated parameters for SDM and DDM

RTC France (DDM)

Method |ph Is1 Is2 a1 a2 Rse Rsh

h-SHO 0.75887 8.573158e-06 9.999181e-06 2.109867 2.102244 0.00167 111.1799

h-SFO 0.77108 5.43844e-06 5.84383e-06 1.91460 2.22945 0.00774 84.40040

RTC France (SDM)

h-SHO 0.76277 8.59755e-07 - 1.631059 - 0.03127 4574371

h-SFO 0.76161 1.76682e-07 - 1.46335 0.04814 34.41282
PWP 201 (DDM)

h-SHO 1.02802 1.76991e-06 8.20242¢-06 1.38559 1.84410 1.20918 1699.67902

h-SFO 1.07586 3.77378e-06 8.70294e-06 1.54687 1.48642 1.29326 403.77044
PWP 201 (SDM)

h-SHO 1.02841 2.29298e-06 - 1.39603 - 1.26118 1110.94310

h-SFO 1.02316 5.01700e-06 - 1.44731 - 1.08774 4179.36947

Sharp ND-R250A5 (DDM)
h-SHO 9.16286 1.66903e-06 1.57790e-12 1.38910 2.46550 0.57802 1842.27336
h-SFO 9.18577 8.37770e-06 1.50784e-06 1.54820 2.02865 0.53912 4234.55737
Sharp ND-R250A5 (SDM)

h-SHO 9.15709 1.98897e-06 - 1.40470 - 0.57214 4769.69124

h-SFO 9.08869 1.11991e-06 - 1.35397 0.55364 690.52681
EIL 75W (DDM)

h-SHO 4.19871 4.02193e-06 5.47324e-06 1.98691 1.19475 0.26429 191.47575

h-SFO 4.20147 1.65093e-06 3.78663e-06 1.95491 1.16904 0.32158 781.18759
EIL 75W (SDM)

h-SHO 4.16996 8.57139e-07 - 1.05218 - 0.36063 372.92251

h-SFO 4.18423 3.76824e-06 - 1.15263 - 0.14905 303.24485
SFTI 60P (DDM)

h-SHO 7.2681 1.05695e-12 2.41654e-06 2.1655 1.2014 0.4272 281.5792

h-SFO 7.3902 6.22869e-07 3.54943e-06 1.1132 1.4957 0.6815 328.6026
SFTI 60P (SDM)

h-SHO 7.2582 9.88636e-06 - 1.3244 - 0.3664 452.7809

h-SFO 7.3266 7.72928e-06 - 1.3213 - 0.5710 402.4716
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Moreover, the 1-V and P-V characteristics are also drawn for SDM by using h-SHO and h-
SFO, where the characteristics are also compared with the experimental characteristics and a few
well-established techniques i.e. SFS [79], I-JAYA [48], IMFO [46], HS [76], and GA [77], as
shown in fig. 5.6 (a) and fig. 5.6 (b) respectively. Where, it is evident that the 1-V and P-V
characteristics exhibit a nearer and more precise relationship with the experimental characteristic
in other words more correct results are achieved through the h-SHO technique, while compared
with other referred techniques along with h-SFO.

Moreover, the results are also validated for the DDM, where, h-SHO showcases high
convergence with low AE, as shown in fig. 5.7 (c) and fig. 5.7 (d). From table 5.6, it is observed
that the SFO exhibits the RMSE of 0.0179 which is higher if compared with h-SHO i.e. 0.0074.
Table 5.6 also asserted that low Es is observed for SDM rather than DDM for both h-SFO and h-
SHO techniques, which concludes that more precise results are achieved for SDM rather than
DDM, due to the complexity associated with DDM, where h-SHO gives more conclusive results
i.e. near to the experimental values. The I-V and P-V characteristics i.e. fig. 5.7 (a) and fig. 5.7
(b) for DDM are further drawn and compared with the referred techniques in the literature,
where the proposed h-SHO is nearly in concurrence with the experimental values when
compared with SFS [15], I-JAYA [25], IMFO [20], HS [24], and GA [26].

Table 5.5 Comparison of error functions with existing
techniques for SDM, RTC France

S. No. Method RMSE MAE AE
1 | h-SHO 0.0025 0.0021 0.0433
2 | h-SFO 0.0120 0.0087 0.219
3 |GA 0.00476 0.0031277 | 0.081320
4 | TLBO[80] | 0.0058554 0.003717 | 0.096653
5 | NRM[81] 0.0096964
6 | RF2A[82] | 0.01388 0.0094014
7 | MBA[83] 0.07620 0.044495 | 1.156900
8 | PS[84] 0.0028547 0.00215 | 0.055993
9 | Method [85] | 0.0058668 0.0037242 | 0.096830
10 | Method [86] | 0.0061149 0.0038939 | 0.10124
11 | Method [87] | 0.003161 0.001786
12 | PS+GRG [92] | 0.0026100
13 | CPSO[93] | 0.002650 0.001680
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The boundary condition considered for the DDM is given in table 5.2, where all the seven
estimated parameters for DDM are listed in table 5.4, the le: for each experimental data point is
given in table 5.7, where h-SHO exhibits an AE of 0.132, and h-SFO targets an AE of 0.2763,
which is much higher when compared with h-SFO.
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Fig. 5.6 Performance characteristics for RTC France SDM (a) Comparison of I-V with experimental and

existing techniques, (b) P-V characteristic comparison (c) Variation of OF with iterations, (d) Absolute error
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Table 5.6 Comparison of error functions for SDM and
DDM, of RTC France

Es RTC France
SDM | DDM SDM | DDM
(h-SHO) (h-SFO)

MAE 0.0021 | 0.0063 | 0.0087 [ 0.0063
RMSE 0.0025 | 0.0074 | 0.0120 [ 0.0179
MBE 0.0001 | 0.0001 | 0.0040 [ 0.0093
SSE 0.0002 | 0.0014 | 0.0038 | 0.0084
NRME 0.0026 | 0.0075 | 0.0124 | 0.0184
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Table 5.7 Comparison of estimated and experimental current for SDM and DDM, RTC France

S. No. Vex lex (h-SHO) (h-SFO)
(SDM) (DDM) (SDM) (DDM)

let AE let AE let AE let AE
1 0.00570 | 0.76050 | 0.7621 0.0016 0.7650 0.0045 0.7604 1E-04 0.7709 0.0104
2 0.06460 | 0.76000 | 0.7608 0.0008 0.7641 0.0041 0.7587 0.0013 0.7702 0.0102
3 0.11850 | 0.75900 | 0.7596 0.0006 0.7633 0.0043 0.7571 0.0019 0.7695 0.0105
4 0.16780 | 0.75700 | 0.7585 0.0015 0.7624 0.0054 0.7556 0.0014 0.7687 0.0117
5 0.21320 | 0.75700 | 0.7574 0.0004 0.7613 0.0043 0.7542 0.0028 0.7678 0.0108
6 0.25450 | 0.75550 | 0.756 0.0005 0.7597 0.0042 0.7528 0.0027 0.7664 0.0109
7 0.29240 | 0.75400 | 0.7542 0.0002 0.7573 0.0033 0.7509 0.0031 0.7642 0.0102
8 0.32690 | 0.75050 | 0.7514 0.0009 0.7532 0.0027 0.7483 0.0022 0.7605 0.01

9 0.35850 | 0.74650 | 0.7466 1E-04 0.7464 0.0001 0.7438 0.0027 0.7544 0.0079

10 0.38730 | 0.73850 | 0.7383 0.0002 0.7356 0.0029 0.7357 0.0028 0.7447 0.0062

11 0.41370 | 0.72800 | 0.7244 0.0036 0.7188 0.0092 0.7214 0.0066 0.7297 0.0017

12 0.43730 | 0.70650 | 0.7029 0.0036 0.6947 0.0118 0.6985 0.008 0.7082 0.0017

13 0.45900 | 0.67550 | 0.6705 0.005 0.6608 0.0147 0.6627 0.0128 0.6776 0.0021

14 0.47840 | 0.63200 | 0.6261 0.0059 0.6165 0.0155 0.6126 0.0194 0.6372 0.0052

15 0.49600 | 0.57300 | 0.5683 0.0047 0.5607 0.0123 0.5476 0.0254 0.5854 0.0124

16 0.51190 | 0.49900 | 0.4977 0.0013 0.4937 0.0053 0.47 0.029 0.5216 0.0226
17 0.52650 | 0.41300 | 0.4141 0.0011 0.4145 0.0015 0.3812 0.0318 0.4442 0.0312
18 0.53980 | 0.31650 | 0.3202 0.0037 0.3248 0.0083 0.2865 0.03 0.3536 0.0371

19 0.55210 | 0.21200 | 0.2164 0.0044 0.224 0.012 0.1883 0.0237 0.2484 0.0364

20 0.56330 | 0.10350 | 0.1067 0.0032 0.1151 0.0116 0.0922 0.0113 0.1306 0.0271

IAE IAE IAE IAE

0.0433 0.138 0.2190 0.2763

5.4.2 Case study 2: Comparison of PWP 201 (SDM and DDM) using h-SHO and h-SFO
methodologies

Based on 25 pair experimental 1-V data of PWP-201 at G=1000W/m? and T=45 C, parameter
vectors ‘6" and ‘i’ are to be extracted. Table 5.8, witnesses the high computational cost of using
h-SFO over h-SHO i.e. 0.0073 and 0.0023 respectively for SDM of PWP 201, similarly, for the
DDM the OF recorded as 0.0024 and 0.0252. While referring to fig. 5.8 (c), fig. 5.8 (d), fig.
5.9(c) and fig. 5.9(d), it is perceived that for both SDM and DDM the h-SHO showcases fast
convergence speed with low error results, while compared with h-SFO. In fig. 5.9(c), a very
deprived convergence is observed by h-SFO with a very high error function, for DDM. With
this, it is asserted that DDM requires more iterations along with a longer execution time, due to
the complexity associated with the DDM. Due to fewer computational errors, the I-V and P-V
characteristics for SDM and DDM are in much congruence with the experimental I-V and P-V
characteristics for h-SHO on comparing with h-SFO, the same is well observed in fig. 5.8 (a) and
fig. 5.8 (b) for SDM, fig. 5.9 (a) and fig. 5.9 (b) for DDM. The estimated parameter for the SDM
and DDM is well illustrated in table 5.4, whereas, various Es for the SDM and DDM are well
compared in table 5.8. The IAE of 0.0439 and 0.1298 is recorded for SDM, where a
comparatively high IAE of 0.0506 and 0.6015 is observed in table 5.9, for DDM when calculated
through h-SHO and h-SFO respectively.
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Table 5.8 Comparison of error functions for SDM and DDM, of PWP-201

= PWP-201

SDM | DDM SDM | DDM

(h-SHO) (h-SFO)

MAE 0.0019 [ 0.0019 | 0.0057 [ 0.0223
RMSE 0.0023 | 0.0024 | 0.0073 | 0.0252
MBE 0.0001 | 0.0001 | 0.0032 | 0.0055
SSE 0.0001 | 0.0001 | 0.0013 | 0.0159
NRME 0.0018 | 0.0018 | 0.0054 | 0.0189

Table 5.9 Comparison of estimated and experimental current for SDM and DDM, PWP 201

S. No. Vex lex (h-SHO) (h-SFO)
(SDM) (DDM) (SDM) (DDM)

let AE let AE let AE let AE

1 0.1248 1.0315 1.0359 0.0044 1.0272 0.0043 1.0401 0.0086 1.0722 0.0407

2 1.8093 1.03 1.0344 0.0044 1.0262 0.0038 1.0376 0.0076 1.068 0.038

3 3.3511 1.026 1.0278 0.0018 1.0251 0.0009 1.03 0.004 1.064 0.038
4 4.7622 1.022 1.0227 0.0007 1.024 0.002 1.0226 0.0006 1.0601 0.0381
5 6.0538 1.018 1.0211 0.0031 1.0226 0.0046 1.0205 0.0025 1.0558 0.0378
6 7.2364 1.0155 1.0191 0.0036 1.0206 0.0051 1.019 0.0035 1.0507 0.0352
7 8.3189 1.014 1.0159 0.0019 1.0172 0.0032 1.0161 0.0021 1.0438 0.0298
8 9.3097 1.01 1.0105 0.0005 1.0113 0.0013 1.0109 0.0009 1.0335 0.0235
9 10.2163 | 1.0035 1.0056 0.0021 1.0013 0.0022 1.0053 0.0018 1.0178 0.0143
10 11.0449 0.988 0.9899 0.0019 0.9851 0.0029 0.9897 0.0017 0.9944 0.0064
11 11.8018 0.963 0.9643 0.0013 0.9599 0.0031 0.9637 0.0007 0.9604 0.0026
12 12.4929 | 0.9255 0.9266 | 0.00011 0.923 0.0025 0.927 0.0015 0.9136 0.0119
13 13.1231 | 0.8725 0.8751 0.0026 0.8726 1E-04 0.8783 0.0058 0.853 0.0195
14 13.6983 | 0.8075 0.8093 0.0018 0.8073 0.0002 0.8152 0.0077 0.7779 0.0296
15 14.2221 | 0.7265 0.7292 0.0027 0.7283 0.0018 0.7379 0.0114 0.6912 0.0353
16 14.6995 | 0.6345 0.6368 0.0023 0.6371 0.0026 0.6481 0.0136 0.5951 0.0394
17 15.1346 | 0.5345 0.5351 0.0006 0.5362 0.0017 0.5484 0.0139 0.4928 0.0417

18 15.5311 | 0.4275 0.4278 0.0003 0.4295 0.002 0.4417 0.0142 0.3885 0.039
19 15.8929 | 0.3185 0.32 0.0015 0.3188 0.0003 0.3308 0.0123 0.2837 0.0348

20 16.2229 | 0.2085 0.2108 0.0023 0.2074 0.0011 0.2184 0.0099 0.1815 0.027
21 16.5241 0.101 0.105 0.004 0.0961 0.0049 0.1065 0.0055 0.0821 0.0189
IAE IAE IAE IAE
0.0439 0.0506 0.1298 0.6015
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Table 5.10 Comparison of error functions with existing

techniques for SDM, PWP 201

Method AE MAE OF (RMSE)
h-SHO 0.0435 0.0019 | 2.3000E-3
h-SFO 0.1298 0.0057 0.0073
IADE [94] NA NA 2.4000E-3
ABC-DE [42] NA NA 2.4000E-3
Rer-IJADE[95] 4.1773E-2 NA 2.4250E-3
MPCOA [96] 3.9770E-2 NA 2.4250E-3
EHA-NMS [63] 4.1788E-2 NA 2.4250E-3
rbeNM (implicit)[97] NA NA 2.4251E-3
GOFPANM [98] NA NA 2.4251E-3
SATLBO [99] NA NA 2.4251E-3
CARO [100] 4.1970E-2 NA 2.4270E-3
CS [78] NA 1.7284E-3 | 2.4300E-3
LI [101] NA 1.8461E-3 | 2.4777E-3
SA[78] 5.0710E—2 |2.0300E-3 | 2.6600E—3
Method in[102] NA NA NA

PS [84] 5.6883E—2 |2.2753E-3 | 3.0494E-3
Method in[103] 6.0079E-2 |2.3107E-3 | 3.4527E-3
TLBO (a) [80] 1.1556E-1 |4.4447E-3 | 5.4902E-3
Method in[22] 1.3185E-1 |5.0710E-3 | 5.7485E-3
Method in[86] NA 3.4840E-3 | 6.1300E-3
CPSO [104] NA 5.0670E-3 | 6.2440E-3
Method in[33] 1.4648E-1 |5.6337E-3 | 6.3402E-3
GA[77] 1.5348E-1 |6.1392E-3 | 6.9829E-3

It is also important to understand that the proposed h-SHO method showcases more precise
results, with less RMSE when compared with various existing techniques which are observed in
table 5.10.

5.4.3 Case study 3: Comparison of Sharp ND-R250A5 (SDM and DDM) using h-SHO and
h-SFO methodologies
As observed in previous cases similar results are highlighted for the third case study, where,
for SDM the h-SHO exhibits high convergence speed i.e. nearly 50 iterations whereas, h-SFO
takes about 80 iterations for the convergence i.e. is well observed from fig. 5.10 (c), for the SDM
and fig. 5.11 (c) for DDM. Whereas for SDM the RMSE is recorded as 0.0127 and 0.0675 for h-
SHO and h-SFO respectively, and 0.0113 and 0.0576 for DDM.
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In contrast, higher-order errors are observed for h-SFO over h-SHO in fig. 5.10 (d) and fig. 5.11
(d), for SDM and DDM respectively, due to which the I-V and P-V characteristic through
proposed h-SHO is more nearly aligned with the experimental characteristics when compared
with the h-SFO, as shown in fig. 5.10 (a) and fig. 5.10 (b), for SDM, and fig. 5.11 (a) and fig.
5.11 (b) for DDM. Moreover, the estimated parameters for the SDM and DDM through h-SHO
and h-SFO are listed in table 5.4, whereas various Ef values are also compared for SDM and
DDM in table 5.11, which establishes the validation of the superiority of h-SHO over h-SFO

technique for parameter estimation.
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Table 5.11 Comparison of error functions for SDM and DDM, of sharp ND-

R250A5
Es Sharp ND-R250A5
SDM | DDM SDM | DDM
(h-SHO) (h-SFO)
MAE 0.0102 [ 0.0087 | 0.0609 [ 0.0532
RMSE 0.0127 [ 0.0113 | 0.0675 | 0.0576
MBE 0.0003 [ 0.0009 | 0.0164 | 0.0428
SSE 0.0058 | 0.0046 | 0.1642 | 0.1195
NRME 0.0014 [ 0.0012 | 0.0074 | 0.0063
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5.4.4 Case study 4: Comparison of EIL 75W (SDM and DDM) using h-SHO and h-SFO

methodologies

The experimental data for this case study is recorded by the authors and also referred to
in chapter 4. In fig. 5.12 (a) and fig. 5.12 (b), the exactness of the proposed h-SHO method is
observed through the congruence of I-V and P-V from the proposed h-SHO method with the
experimental 1- V and P-V, where the cost function is recorded as 0.0273 converged in
approximately 30 iterations. As shown in fig. 5.12 (c), h-SFO takes about 150 iterations for
convergence with an RMSE of 0.0848. Similarly, the performance of h-SHO outperforms the h-
SFO technique of parameter estimation i.e. validated for DDM through fig. 5.13 (a) and fig. 5.13
(b), where a similar congruence of h-SHO with experimental 1-V and P-V is observed. The
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Fig. 5.12 Performance characteristics for EIL 75 W SDM (a) Comparison of 1-V with experimental
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convergence for the DDM takes 50 iterations for obtaining the minimum error, i.e. 0.0392 over
the error of 0.0607, recorded through the h-SFO. The estimated parameters for the SDM and
DDM are listed in table 5.4, whereas various Es are also listed in table 5.12, to exhibit the
performance of the proposed method for the parameter estimation of EIL 75 W, SDM, and
DDM.
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Table 5.12 Comparison of error functions for SDM and DDM, of

EIL 75W
Es EIL 75W
SDM | DDM SDM | DDM
(h-SHO) (h-SFO)

MAE 0.0222 | 0.0306 | 0.0502 | 0.0489
RMSE 0.0273 | 0.0392 | 0.0848 | 0.0607
MBE 0.0000 | 0.0005 | 0.0329 | 0.0449
SSE 0.1111 | 0.2291 | 1.0726 | 0.5496
NRME 0.0069 | 0.0099 | 0.0214 | 0.0153

5.4.5 Case study 5: Comparison of Sharp SFTI1 60-P (SDM and DDM) using h-SHO and
h-SFO methodologies

The experimental data for SFTI 60-P, is recorded, and already referred to in chapter 4, in this
case, h-SHO exhibits a low RMSE of 0.0741 for SDM, when compared with the RMSE of
0.1492 through the h-SFO, and a similar scenario can be observed for the DDM i.e. well
elaborated in table 5.13. High convergence with less error is the key feature of h-SHO, i.e.
clearly observed for SDM and DDM in fig. 5.14 (c) and fig. 5.15 (c) respectively. Due to less
error, the 1-V and P-V characteristics are well in coordination with the experimental
characteristics, which can be observed from fig. 5.14 (a) and fig. 5.14 (b) for SDM, whereas for
the DDM fig. 5.15 (a) and fig. 5.15 (b) showcases comparatively higher errors. The estimated
parameters for the SDM and DDM under various boundary conditions are well elucidated in

table 5.4, for all the case studies.
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Table 5.13 Comparison of error functions for SDM and
DDM, of SFTI 60P

Er SFTI 60-P
SDM | DDM SDM | DDM
(h-SHO) (h-SFO)
MAE 0.0576 [0.0588 | 0.1071 [0.1702
RMSE | 0.0741 [0.0753 | 0.1492 [ 0.2382
MBE 0.0007 [0.0001 | 0.0008 [ 0.0299
SSE 0.8175 [0.8449 | 3.3169 [ 8.4519
NRME | 0.0106 [0.0108 | 0.0214 | 0.0342

5.4.6 Estimation of parameters for TDM using h-SHO methodology

In this section, the parameters are estimated using TDM through h-SHO, where the I-V and

P-V characteristic for EIL75W is showcased in fig. 5.16 (a) and fig. 5.16 (b) respectively.

Whereas, the performance characteristics for SFT1 60P are observed in fig. 5.17 (a) and fig. 5.17

(b), as it is evident from all the previous cases that h-SHO exhibits better convergence, and the

same is observed in fig. 5.16 (c) and fig. 5.17 (c).

Moreover, table 5.15, showcases higher

RMSE values of 0.0058, 0.0502, and 0.0836 for PWP 201, EIL 75W, and SFTI 60P, respectively
when compared with their respective SDM and DDM, in table 5.8, table 5.12, and table 5.13. So,

in other words, we observe an increase in error with the increase in complexities associated with

multi-diode models. The estimated parameters are well recorded in table 5.14.

Table 5.14 Estimated parameters for TDM

TDM

S.No. | ‘p’ RTC PWP-201 Sharp ND-R250A5 EIL 75W 250 Watt
1 Ipn 0.758538 1.040397 9.2055269 4.204162 7.307259
2 Is1 1e-05 5.937251e-06 2.7009359e-06 5.300989¢-06 | 8.64069e-06
3 Is2 5.25353e-06 | 4.500185e-06 4.908462e-06 6.559105e-06 | 4.4006e-06
4 Is3 5.42525e-07 | 1.064629¢-12 9.8245738e-07 7.242609e-06 | 1.61287e-06
5 o1 2.06986 1.515146 1.5694572 1.637246 1.371448
6 02 2.09143 1.912438 1.7217137 1.213168 1.3236
7 o3 2.04085 2.167281 1.3890479 2.108739 2.14507
8 Rse 0.0011645 1.078282 0.55762356 0.249166 0.34041
9 Rsh 62.8079 531.2654 4739.1579 177.956 180.8418

Table 5.15 Comparison of error functions for TDM

TDM
S.No = PWP-201 | EIL 75W | 250 Watt
1 MAE | 0.0051 0.0369 0.0582
2 | RMSE | 0.0058 0.0502 0.0836
3 MBE | 0.0001 0.0004 0.0005
4 SSE | 0.0008 0.3751 1.0418
5 | NRME | 0.0043 0.0126 0.0120
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5.5 Chapter summary

This chapter presents a comparative analysis of two-hybrid approaches based on two new
metaheuristic algorithms, i.e. SFO and SHO framework along with the NRM to estimate,
precisely and quickly, the unknown parameter set for the mathematical models of the solar PV
cell, module, or array. Both approaches were implemented by using the experimental dataset, to
estimate the unknown parameters of the SDM and DDM. The NRM is incorporated with the
SHO and SFO technique to estimate the current, where the estimated and experimental current is
responsible for the evaluation of objective function i.e. the RMSE, and the proposed techniques
are modified to hybrid SHO (h-SHO) and hybrid SFO (h-SFO). The validation of the proposed
methodologies is carefully carried out through five different case studies, three case studies are
extensively analyzed in various literature, whereas to examine the proposed methodologies the
fourth and fifth case studies are performed with real outdoor experimental datasets recorded by
the authors. For case study 1, the RMSE values of SDM are compared with h-SFO and a few
existing techniques in the literature, and observed that the h-SHO methodology exhibits more
promising results. The 1-V and P-V characteristics of both SDM and DDM that are carried out
through h-SHO, match more closely with the experimental data when compared with h-SFO,
which showcases the preciseness of the proposed h-SHO methodology. Moreover, h-SHO
exhibits high convergence when compared with h-SFO, and the same is observed with all case
studies considered. With these case studies, we conclude that the h-SHO and h-SHO are among

the newest, modern, and precisely tuned methods for the mathematical model parameter
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estimation of solar PV cells, modules, or arrays, where h-SHO exhibits high converging ability,
gives less erroneous results, under the same sets of boundary and environmental conditions when
compared with the h-SFO and other well-known techniques in the literature. The parameters are
also estimated for the TDM, using h-SHO where the complexity associated with the multi-diode
models results in higher RMSE.
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Chapter 6
CONCLUSION AND FUTURE SCOPE

6.1 Conclusions

This chapter includes the significant observations concluded through this research, which

contributes toward a continuously developing field of renewable energy sources, where

prominence is given to solar photovoltaics. Various observations are outlined in this section as,

1)

2)

3)

With the growing challenges in the field of solar photovoltaics, the need for various
simulation softwares are evolved, where the accuracy and robustness reside on the
electrical PV model selected, the model parameter extraction technique incorporated, and
the preciseness in estimated model parameters through various techniques. Hence, in this
research SDM, DDM and TDM are selected and modeled for different case studies under
different sets of environmental conditions through various modern metaheuristic and
hybrid techniques.

Primarily, an Emperor penguin optimizer is considered for the parameter estimation
problem, where the parameters are estimated for the KC200GT, PWP201, and STP6 120-
36 solar PV arrays using SDM. Where it is asserted that the proposed method explores
the objective of identifying minimum RMSE for the estimated output current when
validated with the experimental data. The performance characteristics for the proposed
case studies are also compared with well-established techniques like Hybrid BPFPA,
ITLBO, IMCSA, ABSA, PG-Jaya, and ISCE through their 1-V and P-V performance
characteristics. Moreover, the impact of ‘T’ and ‘G’ on the estimated parameters is also
recorded.

Moreover, the parameters are also estimated for six polycrystalline solar PV through
SDM, DDM, and TDM, by using the pv-BWO and cn-BWO techniques. In the proposed
methods two different aspects i.e. pheromone and cannibalism of the Black widow
spider’s lifecycle is considered. A comparative study is showcased that concludes the fast
convergence ability of the cn-BWO algorithm over pv-BWO, whereas the preciseness in
the estimated parameters is well established with the pv-BWO. The preciseness of the pv-
BWO methodology for the parameter estimation is also validated with experimental 1-V
and P-V datasheet of the modules under consideration and also with well-engrained
techniques for parameter estimation in literature i.e. GA, TLBO, MBA, PS, and NRM.
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4) The exactness of the estimated parameters exists in the experimental data considered for
comparison, hence to establish the accuracy of the proposed method, 149 pair
experimental data is also recorded for EIL 75 W and SFTI 60P through the
MECO9018BT PV analyser. The recorded data is considered to estimate the parameters
of over mentioned modules, where SDM, DDM, and TDM parameters are extracted.

5) Literature suggests hybrid techniques as the most recent methodologies among
researchers for parameter estimation, hence NRM is incorporated to estimate accurate
solar PV output current. Accurate estimation of current results in the upsurge in the
precision of RMSE identification which inturn increases the preciseness of the parameter
estimation process. The NRM is further incorporated with SFO and SHO methodologies,
where it is asserted on the basis of five case studies that h-SHO exhibits better
convergence speed along with precise results when compared with h-SFO, IADE,
MPCOA, ABC-DE, SA, TLBO, Rcr-lIJADE, LI, CS, CPSO, GA, etc. The comparison is
carried out with the experimental I-V and P-V performance characteristics and various
error functions i.e. RMSE, MAE, MBE, SSE, and NRME.

6) In all the methodologies it is observed that the complexities increase with an increase in
the number of unknown parameters that are to be extracted, i.e. DDM and TDM over
SDM, resulting in high computational time and computation cost, irrespective of the

technique under consideration.

6.2 Future scope

Research is a multifarious and continuous endeavor, where the scope of enhancement is always
accessible. After the successful accomplishment of Doctoral research work on ‘Modeling and
Parameter Estimation of Solar Photovoltaic Array’ there is still scope for further research that is
listed as,

1) A single-window user interface can be developed, where the user can easily enable to
select the equivalent model to be used, the techniques to be implemented for parameter
estimation, and analyse the comparison with the experimental data altogether.

2) Hybrid techniques are the most recent techniques for the parameter estimation problem
where more exploration is still needed.

3) The availability of array data for research is still limited, hence the datasets for the arrays
also can be recorded for standard modules.

4) The strategies can be developed for parameter estimation when different types of

modules are connected to form an array.
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Appendix-A

149 point I-V and P-V Data Recorded for EIL 75 W, at G=897W/m?, T=60.4 Deg. C

S.No. Voltage (V) Current (A)  Power (W)
: 0.13 4.209 0.5596
2 0.26 4.207 1.1187
3 0.39 4.205 1.6774
4. 0.53 4.203 2.2356
S. 0.66 4.201 2.7933
6 0.79 4.2 3.3505
7 0.93 4.198 3.9072
8 1.06 4.196 4.4634
9. 1.19 4.194 5.0192
10. 1.32 4.192 5.5745
11. 1.46 4.191 6.1293
12. 1.59 4.189 6.6836
13. 1.72 4.187 7.2374
14. 1.86 4.185 7.7908
15. 1.99 4.183 8.3436
16. 2.12 4.181 8.896
17. 2.26 4.18 9.4479
18. 2.39 4.178 9.9994
19. 2.52 4.176 10.5503
20. 2.65 4.174 11.1008
21. 2.79 4.172 11.6507
22. 2.92 4.159 12.1658
23. 3.05 4.154 12.7044
24. 3.19 4.151 13.2463
25. 3.32 4.149 13.7925
26. 3.45 4.147 14.3384
27. 3.58 4.146 14.8839
28. 3.72 4.145 15.4305
29. 3.85 4.144 15.9779
30. 3.98 4.143 16.5249
3L 4.12 4.142 17.0717
32. 4.25 4.141 17.6183
33. 4.38 4.14 18.1645
34. 452 4.139 18.7116
35. 4.65 4.138 19.2591
36. 4.78 4.138 19.8063
37. 491 4.137 20.3535
38. 5.05 4.136 20.9004
39. 5.18 4.136 21.4472
40. 5.31 4.135 21.9938
41. 5.45 4.135 22.5402

42. 5.58 4.134 23.0865
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43.
44,
45.
46.
47.
48.
49.
50.
51.
52.
53.
54.
55.
56.
57.
58.
59.
60.
61.
62.
63.
64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
77.
78.
79.
80.
81.
82.
83.
84.
85.
86.
87.
88.
89.

5.71
5.84
5.98
6.11
6.24
6.38
6.51
6.64
6.78
6.91
7.04
7.17
7.31
7.44
7.57
7.71
7.84
7.97
8.11
8.24
8.37
8.5
8.64
8.77
8.9
9.04
9.17
9.3
9.43
9.57
9.7
9.83
9.97
10.1
10.23
10.37
10.5
10.63
10.76
10.9
11.08
11.16
11.3
11.43
11.56
11.69
11.83

4.133
4.133
4.132
4.132
4131
4131
4.13
4.129
4.129
4.128
4.128
4.127
4.127
4.126
4.125
4.125
4.124
4.124
4.123
4.123
4.122
4121
4121
412
4.119
4.119
4.118
4.117
4.117
4.116
4.115
4.115
4.114
4.113
4.112
4.111
411
411
4.109
4.108
4.107
4.106
4.105
4.104
4.103
4.101
4.1

23.6327
24.1791
24.7253
25.2714
25.8174
26.3632
26.9088
27.4543
27.9997
28.5449
29.09
29.6348
30.1793
30.7237
31.2679
31.8119
32.3558
32.8995
33.4431
33.9865
34.5297
35.0728
35.6152
36.1572
36.699
37.2406
37.782
38.3233
38.8643
39.4052
39.946
40.4857
41.0246
41.5634
42.1019
42.6402
43.1783
43.7162
44.2539
44,7893
45.3239
45.8581
46.3921
46.9258
47.4593
47.9895
48.5175

131



90.
91.
92.
93.
94.
95.
96.
97.
98.
99.

100.
101.
102.
103.
104.
105.
106.
107.
108.
100.
110.
111.
112.
113.
114.
115.
116.
117.
118.
1109.
120.
121.
122.
123.
124.
125.
126.
127.
128.
129.
130.
131.
132.
133.
134.
135.
136.

11.96
12.09
12.23
12.36
12.49
12.63
12.76
12.89
13.02
13.16
13.29
13.42
13.56
13.69
13.82
13.96
14.09
14.22
14.35
14.49
14.62
14.75
14.89
15.02
15.15
15.28
15.42
15.55
15.68
15.82
15.95
16.08
16.22
16.35
16.48
16.61
16.75
16.88
17.01
17.15
17.28
17.41
17.54
17.68
17.81
17.94
18.08

4.098
4.097
4.095
4.092
4.088
4.086
4.084
4.082
4.079
4.075
4.07
4.064
4.058
4.052
4.046
4.027
4.02
4.007
3.993
3.967
3.947
3.929
3.922
3.876
3.856
3.848
3.824
3.786
3.746
3.686
3.631
3.555
3.523
3.455
3.434
3.348
3.33
3.203
3.186
2.946
2.89
2.852
2.727
2.638
2.479
2.393
2.264

49.045
49.5722
50.0979
50.5979
51.1001

51.619
52.1373
52.6552
53.1563
53.6471

54.12
54.5803

55.036

55.496

55.948
56.2218
56.6588
57.0129
57.3447
57.4996
57.7251

57.993
58.4102
58.2334
58.4447
58.8458
58.9862
58.9084
58.7775
58.3252
57.9341
57.2064
57.1516
56.5028
56.6177
55.6521
55.7935
54.0975
54.2316
50.5275
49.9672
49.6827
47.8676
46.6546
44.1739
42.9599
40.9373
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137.
138.
139.
140.
141.
142.
143.
144.
145.
146.
147.
148.
149.

18.21
18.34
18.48
18.61
18.74
18.87
19.01
19.14
19.27
19.41
19.54
19.67
19.81

2.102
2.013
1.85
1.697
1.591
1.389
1.286
1.121
0.959
0.729
0.574
0.528
0.24

38.2943
36.9436
34.1981
31.5872
29.8388
26.2333
24.4622
21.4708
18.5006
14.1534
11.2309
10.3905
4.7664
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Appendix-B

149 point I-V and P-V Data Recorded for SFT1 60P, at G=985W/m?, T= 51 Deg. C

S

0.

.N
1
2
3.
4.
5
6
7
8
9

10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24,
25.
26.
27.
28.
29.
30.
3L
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42.

Voltage (V)

0.22
0.26
0.39
0.53
0.66
0.79
0.93
1.06
1.19
1.32
1.46
1.59
1.72
1.86
1.99
2.12
2.26
2.39
2.52
2.65
2.79
2.92
3.05
3.19
3.32
3.45
3.58
3.72
3.85
3.98
412
4.25
4.38
4.52
4.65
4.78
491
5.05
5.18
531
5.45
5.58

Current (A)

4.209
4.207
4.205
4.203
4.201
4.2
4.198
4.196
4.194
4.192
4191
4.189
4.187
4.185
4.183
4.181
4.18
4.178
4.176
4.174
4.172
4.159
4.154
4.151
4.149
4.147
4.146
4.145
4.144
4.143
4.142
4.141
4.14
4.139
4.138
4.138
4.137
4.136
4.136
4.135
4.135
4.134

Power (W)

0.5596
1.1187
1.6774
2.2356
2.7933
3.3505
3.9072
4.4634
5.0192
5.5745
6.1293
6.6836
7.2374
7.7908
8.3436
8.896
9.4479
9.9994
10.5503
11.1008
11.6507
12.1658
12.7044
13.2463
13.7925
14.3384
14.8839
15.4305
15.9779
16.5249
17.0717
17.6183
18.1645
18.7116
19.2591
19.8063
20.3535
20.9004
21.4472
21.9938
22.5402
23.0865
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43.
44.
45.
46.
47.
48.
49.
50.
51.
52.
53.
54.
55.
56.
57.
58.
59.
60.
61.
62.
63.
64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
7.
78.
79.
80.
8l
82.
83.
84.
85.
86.
87.
88.
89.

5.71
5.84
5.98
6.11
6.24
6.38
6.51
6.64
6.78
6.91
7.04
7.17
7.31
7.44
7.57
7.71
7.84
7.97
8.11
8.24
8.37
8.5
8.64
8.77
8.9
9.04
9.17
9.3
9.43
9.57
9.7
9.83
9.97
10.1
10.23
10.37
10.5
10.63
10.76
10.9
11.03
11.16
11.3
11.43
11.56
11.69
11.83

4.133
4.133
4.132
4.132
4131
4131
4.13
4.129
4.129
4.128
4.128
4.127
4.127
4.126
4.125
4.125
4.124
4.124
4.123
4.123
4.122
4121
4121
412
4.119
4.119
4118
4.117
4.117
4116
4.115
4.115
4.114
4113
4112
4111
411
411
4.109
4,108
4.107
4.106
4.105
4,104
4.103
4.101
4.1

23.6327
24.1791
24.7253
25.2714
25.8174
26.3632
26.9088
27.4543
27.9997
28.5449
29.09
29.6348
30.1793
30.7237
31.2679
31.8119
32.3558
32.8995
33.4431
33.9865
34.5297
35.0728
35.6152
36.1572
36.699
37.2406
37.782
38.3233
38.8643
39.4052
39.946
40.4857
41.0246
41.5634
42.1019
42.6402
43.1783
43.7162
44,2539
44,7893
45.3239
45,8581
46.3921
46.9258
47.4593
47.9895
48.5175
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90.
91.
92.
93.
94.
95.
96.
97.
98.
99.

100.
101.
102.
103.
104.
105.
106.
107.
108.
109.
110.
111.
112.
113.
114.
115.
116.
117.
118.
119.
120.
121.
122.
123.
124.
125.
126.
127.
128.
129.
130.
131.
132.
133.
134.
135.
136.

11.96
12.09
12.23
12.36
12.49
12.63
12.76
12.89
13.02
13.16
13.29
13.42
13.56
13.69
13.82
13.96
14.09
14.22
14.35
14.49
14.62
14.75
14.89
15.02
15.15
15.28
15.42
15.55
15.68
15.82
15.95
16.08
16.22
16.35
16.48
16.61
16.75
16.88
17.01
17.15
17.28
17.41
17.54
17.68
17.81
17.94
18.08

4.098
4.097
4.095
4.092
4.088
4.086
4.084
4.082
4.079
4.075
4.07
4.064
4.058
4.052
4.046
4.027
4.02
4.007
3.993
3.967
3.947
3.929
3.922
3.876
3.856
3.848
3.824
3.786
3.746
3.686
3.631
3.555
3.523
3.455
3.434
3.348
3.33
3.203
3.186
2.946
2.89
2.852
2.727
2.638
2.479
2.393
2.264

49.045
49.5722
50.0979
50.5979
51.1001

51.619
52.1373
52.6552
53.1563
53.6471

54.12
54.5803

55.036

55.496

55.948
56.2218
56.6588
57.0129
57.3447
57.4996
57.7251

57.993
58.4102
58.2334
58.4447
58.8458
58.9862
58.9084
58.7775
58.3252
57.9341
57.2064
57.1516
56.5028
56.6177
55.6521
55.7935
54.0975
54.2316
50.5275
49.9672
49.6827
47.8676
46.6546
44,1739
42.9599
40.9373
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137.
138.
139.
140.
141.
142,
143.
144,
145.
146.
147.
148.
149.

18.21
18.34
18.48
18.61
18.74
18.87
19.01
19.14
19.27
19.41
19.54
19.67
19.81

2.102
2.013
1.85
1.697
1.591
1.389
1.286
1.121
0.959
0.729
0.574
0.528
0.24

38.2943
36.9436
34.1981
31.5872
29.8388
26.2333
24.4622
21.4708
18.5006
14.1534
11.2309
10.3905
4.7664
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