CUKUROVA UNIVERSITY
INSTITUTE OF NATURAL AND APPLIED SCIENCES

MSc THESIS

Betiil PADAK

ADAPTIVE NEURO-FUZZY INFERENCE SYSTEMS BASED
ESTIMATION OF PHOTOVOLTAIC CELL PARAMETERS
USING DATA SET OBTAINED OUTDOOR MEASUREMENTS
OF PHOTOVOLTAIC MODULE

DEPARTMENT OF ELECTRICAL AND ELECTRONICS
ENGINEERING

ADANA, 2021



ABSTRACT

MSc THESIS

ADAPTIVE NEURO-FUZZY INFERENCE SYSTEMS BASED
ESTIMATION OF PHOTOVOLTAIC CELL PARAMETERS USING
DATA SET OBTAINED OUTDOOR MEASUREMENTS OF
PHOTOVOLTAIC MODULE

Betiil PADAK

CUKUROVA UNIVERSITY
INSTITUTE OF NATURAL AND APPLIED SCIENCES
DEPARTMENT OF ELECTRICAL AND ELECTRONICS ENGINEERING

Supervisor  : Assoc. Prof. Dr. Murat AKSOY
Year: 2021, Pages: 99
Jury : Assoc. Prof. Dr. Murat AKSOY
: Asisst. Prof. Dr. Oguzhan TIMUR
: Asisst. Prof. Dr. Zehan KESILMIS

Solar energy, which will play an important role in energy supply in the near
future, is the primary energy source among renewable energy sources. Recently,
solar energy systems have become one of the most interesting topics due to their
many advantages. By using experimental data, to extract the parameters of
photovoltaic (PV) panels which is a solar energy system plays an important role in
the design, evaluation and efficiency of PV panels. In this context, studies on
obtaining different operating conditions and performance characteristics of PV
panels have increased remarkably in recent years.

In this study, unknown parameters of single diode model equivalent circuit,
also known as five parameter models of photovoltaic cell; photo current (I,,5), diode
saturation current (I;), diode ideality factor (n), serial resistance (Rg) and parallel
resistance (R,) were tried to be estimated with ANFIS using experimental data.
Manufacturer datasheet information and ANFIS output results are compared in the
MATLAB/Simulink environment; I —V and P —V characteristics have been
obtained. Simulation results showed that the use of ANFIS in the extraction of
unknown parameters of the PV module is a useful tool.
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Yakin gelecekte enerji arzinda 6nemli bir rol oynayacak olan yenilenebilir
enerji kaynaklarindan giines enerjisi, yenilenebilir enerji kaynaklar1 arasinda birincil
enerji kaynagidir. Son zamanlarda, birgok avantajindan dolay1 giines enerjisi
sistemleri en ilgi ¢ekici konulardan biri haline gelmistir. Deneysel verileri kullanarak
bir giines enerjisi sistemi olan fotovoltaik (PV) panellerin parametrelerini anlamak,
PV panellerin tasarimi, degerlendirilmesi ve verimliliginde 6nemli bir rol oynar. Bu
baglamda PV panellerinin farkli ¢alisma kosullar1 ve performans karakteristiklerinin
elde edilmesi ile ilgili ¢alismalar son yillarda dikkat g¢ekici bir bigimde artig
gostermistir.

Bu caligmada, fotovoltaik hiicrenin bes parametre modeli olarak da bilinen
tek diyot modelinin bilinmeyen parametreleri olan; foto akim (I,5), diyot doyma
akimi (), diyot idealite faktorii (n), seri direng (R) ve paralel direng (R,) deneysel
veriler kullanilarak ANFIS ile tahmin edilmeye ¢alisilmistir. Uretici veri sayfas
bilgileri ve ANFIS ¢ikt1 sonuglart MATLAB/Simulink ortaminda karsilastirilarak
I —V ve P —V karakteristikleri elde edilmistir. Simiilasyon sonuglart PV modiil
bilinmeyen parametrelerin ¢ikarilmasinda ANFIS kullanilmasinin faydali bir arag
oldugunu gostermistir.

Anahtar Kelimeler: PV Modeli, PV Hiicresinin Parametreleri, ANFIS.
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EXTENDED SUMMARY

Solar energy is considered as the direct or the indirect origin of the almost
all-other energy sources in the world. Humans, like all other living things, make use
of the sun for the need for warmth and food. However, The way people use the solar
energy can alter.

For instance, fossil fuels originated from plant extracts from the ancient
geological times, have been used for transportation and electricity generation for
ever known. Likewise, biomass, a type of energy produced by living organisms,
converts solar energy into a fuel, and this fuel can then be used for heat or electricity.
Wind energy, which has been used to provide mechanical energy or transport for
hundreds of years, uses solar heated air and air currents created by the rotation of the
earth. Today, wind turbines transform wind power into electricity as well as
traditional uses. Even hydroelectricity is caused by the sun. Hydroelectricity is
dependent on the water evaporating by the sun and then returning to Earth as rain to
supply water in the dams.

Besides these sources that we indirectly obtain energy from sunlight,
photovoltaics are the process of converting sunlight into electricity by using solar
cells directly. Today, it is a clean, renewable and sustainable alternative energy
source that is growing rapidly and increasingly important for conventional fossil fuel
power generation. As well as most of the photovoltaic devices are used for purely
practical and economic reasons today, one of its most important benefits is
undoubtedly that it is the most environmentally friendly source that generates
electricity. While other fossil fuel production units pollute the environment and
contribute to global warming, PV’s do not release pollutants during operation
(Shivalkar et al. 2015; Wang et al., 2014). In addition, PVs are easy to operate, less

mechanical wear and long-life systems (Sundareswaran, 2015). For example, it may
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be more economical to install photovoltaic systems in rural areas where there is no
electricity grid or where it is very costly and difficult to install the grid.

The main component of PV systems is the PV cell. The basic structure of a
photovoltaic cell is created by combining a P-type and an N-type semiconductor.
This structure is called a p-n connection (Villalva and Gazoli, 2009). The sun is
absorbed in the semiconductor junction and forms a new electron hole pair. Under
the influence of the electric field of the p-n junction, the voids flow from the n region
to the p region, and the electrons from the p region to the n region. Thus, the current
is formed. Therefore, in an equivalent circuit model, a diode is typically used to
model a photovoltaic cell.

Among the various diode equivalent circuit models, the single diode
equivalent circuit model is most commonly used based on the balance between
precision and simplicity. In this model there are five parameters which must be
determined. These are photo current (/,), saturation current (/), diode ideality factor
(n), series resistance (/4;) and shunt resistance (A4,). Although the single diode
equivalent circuit model is a simple model, it is difficult to determine the parameters
due to the nonlinear and closed forms of the equivalent circuit model.

Methods for calculating PV module parameters include mainly analytical
methods and flexible computing (soft computing) approaches. Analytical methods
use mathematical equations to determine PV module parameters based on the
physical properties of equivalent circuits. Soft computing methods are the sum of
several methods that take advantage of the tolerance of uncertainty and instabilities
to achieve easy workability, robustness, and low solution costs. The basic
components are fuzzy logic, neural programming and probability theorems. The
underlying idea of soft computing is to construct the cognitive approach model of
human intelligence. The role model of soft computing is human intelligence (Zadeh,

1994).
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Recently, the adaptive network-based inference system (ANFIS), one of the
flexible computing methods, has been used for various applications in many
disciplines. This method, which combines both neural networks and fuzzy logic
together, consists of combining the learning ability of neural networks with the
advantages of fuzzy logic such as decision-making and data grading. ANFIS is able
to determine all rules based on measured or desired values depending on the structure
of the problem being addressed.

In this thesis, the mathematical equivalent circuits of photovoltaic solar
panels, which is one of the single diode circuit model parameters that are not
included in the manufacturer's catalog data; photo-current (Ipy), diode saturation
current (ly), idealite diode factor (n), parallel resistance (R;) and series resistance (Rs)

values are calculated using ANFIS.






GENISLETILMIS OZET

Glines enerjisi, dogrudan veya dolayli olarak diinyadaki neredeyse tiim
enerjinin kaynagidir. Insanlar, diger tiim canlilar gibi, sicaklik ve yemek ihtiyaci icin
giinesten faydalanirlar. Bununla birlikte, insanlar giines enerjisini birgok farkl
sekilde de kullanmaktadirlar. Ornegin, eski jeolojik ¢aglardan kalma bitki 6zii olan
fosil yakitlar, ulasim ve elektrik iiretimi i¢in kullanilir ve aslinda fosil yakitlar
milyonlarca yil Oncesine ait giines enerjisi depolamistir. Benzer sekilde, yasayan
organizmalar tarafindan iiretilen bir enerji ¢esidi olan biokiitle, giines enerjisini bir
yakita dontiistiiriir ve bu yakit daha sonra 1s1 veya elektrik i¢in kullanilabilir. Yiizlerce
yildir mekanik enerji saglamak veya tasinim yapmak icin kullanilan riizgér enerjisi,
giines tarafindan 1sitilan hava ve diinyanin doniisii ile olusturulan hava akimlarini
kullanir. Bugiin riizgar tiirbinleri, riizgar giiciinii geleneksel kullanimlarinin yani sira
elektrige de donistiiriir. Hidroelektrik bile giinesten kaynaklanmaktadir.
Hidroelektrik, suyun giines tarafindan buharlagmasina ve barajlarda su saglamak i¢in
daha sonra Diinya'ya yagmur olarak geri donmesine baglidir.

Giines 151831ndan dolayli olarak enerji elde ettigimiz bu kaynaklarin yaninda,
fotovoltaikler, glines 151811 dogrudan giines pilleri kullanarak elektrige doniistiirme
islemidir. Bugiin, geleneksel fosil yakitli elektrik iiretimi ig¢in hizla biiyiiyen ve
giderek daha 6nemli olan temiz, yenilenebilir ve siirekliligi olan bir alternatif enerji
kaynagidir. Giinlimiizde fotovoltaik cihazlarin biiyiik kismi, tamamen pratik ve
ekonomik nedenlerden dolayr kullanilmakla birlikte, fotovoltaiklerin en 6nemli
yararlarindan biri de kuskusuz onun elektrik iireten en ¢evreci kaynak olmasidir.
Diger fosil yakitl tiretim birimleri ¢evreyi kirletip kiiresel 1sinmaya katki saglarken,
PV'ler isletme sirasinda kirletici madde salmazlar (Shivalkar ve ark. 2015; Wang ve
ark., 2014). Bunun yaninda PV’ler isletilmesi kolay, mekanik yipranmasi az ve uzun

omiirlii sistemlerdir (Sundareswaran, 2015). Ornegin, elektrik sebeke hattinin
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olmadigr veya sebeke hattinin kurulmasinin ¢ok masrafli ve zor oldugu kirsal
kesimlerde fotovoltaik sistemlerin kurulmasi daha ekonomik olabilmektedir.

PV sistemlerinin temel bileseni PV hiicresidir. Bir fotovoltaik hiicrenin
temel yapisi, bir p tipi ve bir n tipi yar1 iletkenin bir araya getirilmesi ile olusturulur.
Olusturulan bu yapiya bir p-n baglantisi adi verilir (Villalva ve Gazoli, 2009). Giines,
yar1 iletken baglantida absorbe edilir ve yeni bir bosluk-elektron ¢ifti olusturur. p-n
baglantisinin elektrik alaninin etkisi altinda, bosluklar n bolgesinden p bolgesine ve
elektronlar da p bolgesinden n bolgesine akar. Bdylece akim olusur. Bu nedenle,
esdeger bir devre modelinde, bir fotovoltaik hiicreyi modellemek icin tipik olarak
bir diyot kullanilir.

Cesitli fotovoltaik esdeger devre modelleri arasinda kesinlik ve basitlik
arasindaki dengeye dayanarak, tek diyot esdeger devre modeli en yaygin sekilde
kullanilir. Bu modelde belirlenmesi gereken bes parametre vardir. Bunlar, fotoakim
(Ipn), doygunluk akimi (Ip), diyot idealite faktorii (n), seri direng (Rg) ve sont
direncidir (R, ). Tek diyot esdeger devre modeli basit bir model olsa da esdeger devre
modelinin dogrusal olmayan ve kapali bigimleri nedeniyle parametrelerin
belirlenmesi zorlasir.

PV modiil parametrelerini hesaplama yontemleri, temel olarak analitik
yontemleri ve esnek hesaplama yaklagimlarini igerir. Analitik yontemler esdeger
devrelerin fiziksel 6zelliklerine gore PV modiil parametrelerini belirlemek icin
matematiksel denklemleri kullanir. Esnek hesaplama yontemleri, kolay
islenebilirlik, saglamlik ve diisiik ¢6ziim maliyetleri elde etmek icin belirsizlik ve
kararsizliklarin toleransindan faydalanan gesitli yontemlerin toplamidir. Temel
bilesenleri; bulanik mantik, sinirsel programlama ve olasilik teoremleridir. Esnek
hesaplamanin temelinde yatan fikir, insan zekasiin biligsel yaklasim modelini
olusturmaktir. Esnek hesaplamanin rol modeli ise insan zekasidir (Zadeh, 1994).

Son zamanlarda, esnek hesaplama yontemlerinden olan uyarlamali ag

tabanli ¢ikarim sistemi (ANFIS), bir¢ok bilim dalinda cesitli uygulamalar igin
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kullanilmigtir. Hem sinir aglarim1 hem de bulanik mantigi bir arada bulunduran bu
yontem, sinir aglarmin 6grenme kabiliyeti ile bulanik mantigin karar verme ve veri
derecelendirme gibi {istiinliiklerinin birlestirilmesinden meydana gelmektedir.
ANFIS, ele alinan problemin yapisina bagli olarak dl¢iilen veya istenen degerler
iizerinden tiim kurallar1 belirleyebilmektedir.

Bu caligmada, fotovoltaik hiicrenin bes parametre modeli olarakda bilinen
tek diyot modelinin bilinmeyen parametreleri olan; foto akim (I,), diyot doyma
akimi (), diyot idealite faktdrii (n), seri direng (Rg) ve paralel direng (R),) deneysel
veriler kullanilarak ANFIS ile tahmin edilmeye ¢alisilmustir. Uretici veri sayfasi
bilgileri ve ANFIS ¢ikt1 sonuglart MATLAB/Simulink ortaminda karsilastirilarak
I —V ve P—V Kkarakteristikleri elde edilmistir. Alinan sonuglarin ANFIS ile
yakinlig1 karsilagtirilmstir.
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1. INTRODUCTION

Depending on the growing world population and evolving technology, the
inability of existing limited resources to meet the growing energy needs of societies
further highlights importance of the concept of energy. The fact that fossil fuels have
a limited lifespan and the negative environmental effects of these fuels have pushed
modern societies into the search for clean, environmentally friendly and renewable
energy sources from the second half of the 20th century. It has been aimed to reduce
the dependence on fossil fuels in meeting the world's energy demand by accelerating
scientific studies on alternative energy sources, especially solar, wind, geothermal
and hydrogen energy.

In addition to being an unlimited and clean energy source, solar energy has
become a scientific study area where research activities have intensified, especially
since its practical applications do not require complex technology. Even though solar
energy technologies display differences in terms of technological level,
methodology, material and so that they are differentiated into groups as thermal solar
technologies and photovoltaic technology. Low temperature systems and condensing
systems are examples of thermal solar technologies.

Low temperature systems, each of which serves a characteristic purpose and
is divided into various groups in terms of their structural and functional functions,
have a wide range of usage among thermal solar technologies with their ease of
production and operation. Planar and vacuum solar collectors, solar furnaces, solar
chimneys, solar pools, product drying and water treatment systems can be shown as
examples of applications of low temperature systems. Condensing systems separated
from low temperature systems with complex structures and high energy potentials
are another important thermal solar technology developed to meet the energy needs
in the regional sense. Parabolic groove collectors, parabolic dish systems and central

receiver systems are the most common concentrator system applications.
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Photovoltaic technology, a characteristic feature of semiconductor materials
and based on a basic physical process expressed as a photovoltaic effect, is a high-
tech solar energy application that examines the conversion of sunlight directly into
electrical energy. As a result of the increasing need for clean and environmentally
friendly energy sources due to the harmful effects of fossil fuel consumption on
public health and the environment, research activities related to photovoltaic
technology gained intensity especially towards the end of the 20th century. In 2002,
photovoltaics became the fastest growing and developing energy technology (Kropp,
2009).

Scientific studies on photovoltaic systems can be considered in two groups,
including applications and parametric studies for improving the current production
technology. In different operating conditions, scientific activities related to
parametric studies covering research subjects such as obtaining performance
characteristics of photovoltaic cells, detection of the most cohesive photovoltaic cell
and examining the effects of basic cell parameters on power transformation have
been particularly focused on recent periods (Bouzidi et al., 2007; Chegaar et
al.,20006).

Photovoltaic systems can work connected or independent from the network.
Especially in areas far from the settlements where network connectivity is expensive,
it is more economically convenient to use. The main uses of photovoltaic systems
are satellites, meteorological stations, lighting applications, traffic warning signs,

gas stations, irrigation systems, cooling and drying applications.

1.1. The Photovoltaic Effect and PV cell

The most known direct way of converting solar energy into electricity is
photovoltaic (PV). It is based on the observation of Henri Becquerel in 1839, called
as photovoltaic effect. In general, the photovoltaic effect is defined as the generation

of electrical voltage between the two electrodes connected to a liquid and solid

2
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system upon exposure to light in the system. In practice, all of the photovoltaic
systems include a p-n junction in a semiconductor, where photovoltage is generated,

as shown in Figure 1.1.

Front contact

Anti-reflection layer

Emitter

Back surface field

Back contact

Figure 1.1. Ilustration o the structure of a typical solar (Goetzberger & Hoffmann,
2005).

Indeed, the process of PV functions through the photovoltaic effect on
semiconductor materials. The process works in such a way that when the cell is
exposed to light, some of the incident light is absorbed by the semiconductor material
and loosens the electrons, allowing the electric charge to flow freely through the
material. The existing built-in electrical field in PV cells forces electrons emitted by
light absorption to flow in a certain direction. This area is exposed by doping in
silicon with elements such as phosphorus or boron to form p-type or n-type zones.
Operating the current on an external circuit is possible by placing metal contacts at
the top and bottom of the photovoltaic cell. The current is generated quietly without
moving parts and does not require maintenance except cleaning the top of the module
in order to maintain the light pass through the system. The equivalent circuit of the
PV cell is shown in Figure 1.2. Along with a diode that represents the movement of
the p-n junction, the current produced from light consists of a current generator that

represents the I .
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Figure 1.2. Equivalent circuit of the PV cell (Buyukguzel,2011).

The current transferred outside the PV cell is obtained using this equivalent

circuit as follows.

I=1, - Ilexp (Z) - 1] (1.1)

The typical I-V characterity of the PV cell is shown in Figure 1.3. The output
power of the PV cell is equal to the product of its current and voltage. No power is
produced on short circuit (maximum current, zero voltage) or open circuit

(maximum voltage, zero current) or short circuit (maximum current, zero voltage).
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Figure 1.3. I-V curve of the PV cell (Buyukguzel,2011).

Depending on the increase in the solar radiation, an increase in the output
current occurs and finally the horizontal part of the curve goes on upwards. On the
other hand, a shift to left happens with an increase in the cell temperature whereas
opposite is observed when the temperature decreased. Therefore, photovoltaic cell

characteristics vary depending on cell temperature and solar radiation.

1.2. Content of the thesis

In this thesis, the mathematical equivalent circuits of photovoltaic solar
panels, which is one of the single diode circuit model parameters that are not
included in the manufacturer's catalog data; photo-current (Ipy), diode saturation

current (lp), idealite diode factor (n), parallel resistance (R;) and series resistance (Rs)

values are calculated using ANFIS.
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2. LITERATURE REVIEW

Photovoltaic is defined as the material that can convert the energy contained
in light photons into electrical voltage and current. An electron in a photovoltaic
material can get rid of the atom holding it up, causing a photon of sufficient short
wavelength and sufficiently high energy. These electrons can be shifted towards a
metal contact as an electric current if a close electric field is provided. It is very
interesting that photovoltaics can absorb 6000 times more solar energy than the total
energy demand of the earth's surface (Masters, 2004).

Scientific studies on photovoltaic technology began in 1839 by French
physicist Edmund Becquerel discovering the potential difference between the poles
of a illuminated metal electrode immersed in a weak electrolyte solution (Becquerel,
1839). In 1876, as a result of the first applications of the photovoltaic effect in solid
put forward by Adams and Day in 1876, selenium photovoltaic cells with a power
conversion yield of 1 — 2% were produced (Adams and Day, 1876).

As aresult of his success in the quantum field, Albert Einstein won the 1921
Nobel Prize in Physics for his theoretical work on the principle of photovoltaic action
in 1904. In 1940, silicon crystals were widely used in PV cell production, thanks to
a method developed by Polish scientist Czochralski.

Studies on the use of PV cells as a practical energy source have been focused
on since 1950. The Vanguard I satellite was supported with PV cells in 1958. PV
cells have played an important role for many years, especially in meeting the energy
needs of satellites, as cost is a less important parameter in space vehicles than weight
and safety. As a result of high-efficiency and low-cost PV cell production in the
1980s, PV system applications were accelerated in many areas such as lighting
systems, emergency communication stations, agricultural irrigation systems, in

addition to space technology studies.
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Many methods have been studied in the literature for the prediction of the
parameters of the single diode model of the PV cell which is the main component of
PV systems.

In the literature, conventional parameter estimation methods are divided into

two categories (Kashif et.al, 2011):

i. Analytical techniques

ii. Numerical extraction techniques (soft computing)

Methods for calculating PV module parameters include mainly analytical
methods and flexible computing (soft computing) approaches. Analytical strategies
use mathematical equations to elucidate PV module parameters based on the physical
properties of equivalent circuits. Soft computing methods are the sum of several
methods that take advantage of the tolerance of uncertainty and instabilities to
achieve easy workability, robustness, and low solution costs. The basic components
are fuzzy logic, neural programming and probability theorems. The underlying idea
of soft computing is to construct the cognitive approach model of human
intelligence. The role model of soft computing is human intelligence (Zadeh, 1994).

Expanding the methods of Lee et al. (1992), Chegaar et al. (2006) provided
a simple and successful method including using an auxiliary function and a computer
fitting routine to evaluate ideality factor, series resistance, shunt conductivity, and
saturation current in illuminated solar cells.

Karatepe et al. (2005), reported a neural network-based strategy with the aim
of improving accuracy of a photovoltaic module. Based on their results, they
revealed that solar radiation and temperature are the main equivalent parameters of
a PV module. Using a series of current-voltage curves, the dependence of circuit
parameters on environmental factors is investigated. In addition, they determined

that the relationship between solar radiation and temperature are not linear so that
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they cannot be expressed with any analytical equations. Therefore, they used the
neural network to overcome this problem in their studies. In this way, using some
measured current-voltage curves, the neural network was trained once and the
equivalent circuit parameters were simply estimated by simply reading solar
radiation and temperature samples very quickly, without the need to solve complex
nonlinear mathematical equations required in conventional methods.

Bouzidi et al. (2007) introduced a new method based on the consideration of
serial and shunt resistance or measurements of current-voltage characteristics in
determining the parameters of an illuminated single diode solar cell.

Kim et al. (2010) proposed a method by making assumptions different from
actual working conditions to obtain accurate parameter values and avoid operational
complexity. By means of this method, the determination of the characteristic curve
of an ideal non-resistant solar cell is performed by using the I-V characteristic curves
measured and reported by the solar cell manufacturers and thus calculates the
difference between the obtained and the actual measured curves.

Farivar et al. (2010) offered an approach that uses manufacturer datasheet
information to find single diode model parameters unlike other methods.

Kulaksiz (2011), used ANFIS in a single diode model of PV cells to get
serial resistance, ideality factor and parallel resistance. In his study, the input
parameters of ANFIS are the material type of the PV module, the open circuit
voltage, the short circuit current, and the unit area under the I-V curve.

Wei et al. (2011) used a chaotic particle swarm optimization algorithm
(CPSO) to extract solar cell model parameters. In the study, the local convergence
of global search performance and particle swarm optimization (PSO) was
constructed by making it a chaos study.

AlHajri et al. (2012) demonstrated a strategy as an application of sample

search technique to extract the parameters of different solar cell models. The
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proposed technique was facilitated to solve an abstract function that manages the I-
V relationship of a solar cell when there is no direct analytical solution.

Caracciolo et al. (2012) presented a simple and accurate method to explore
the single diode model parameters of an illuminated and dark solar cell and its
extension to the PV solar module. The suggested method is based on obtaining
experimental data on the I-V characteristics of the illuminated or dark solar cell / PV
solar module under constant climatic conditions.

Ozcalik et al. (2013) examined the creation of a diode mathematical model
of PV solar cells in MATLAB and how the variables that affect the energy
production affect the characteristics.

Bendib et al. (2013) proposed a method based on fuzzy control techniques.
This technique is applied to find various parameters in a single diode solar cell
model.

Wolf et al. (2013) demonstrated a method that uses both analytical and
statistical methods to determine the parameters of PV cells/modules using curve
fitting.

Patel et al. (2014) proposed a simple, effective and reasonable method to
predict all five parameters of a solar cell from a single illuminated I-V characteristic
using a teaching-based optimization teaching algorithm (TLBO). It was found that
the values of the parameters obtained by TLBO algorithm are in aligned with the
values of the reported parameters.

Salem et al. (2014) presented an artificial intelligence (Al) technique to
predict equivalent circuit parameters of PV modules. Series resistance, diode ideality
factor, and parallel resistance are the parameters discussed in their work are. From
the analytical solution of the PV mathematical model, they obtained the training data
for both paradigms from the analytical solution of the PV mathematical model.

Ghani et al. (2014) introduced a new approach to calculating all five

parameter values. The proposed method is on the basis of solving the single-diode

10
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current-voltage equation defined by using the Lambert-W function in five
experimental points along the current-voltage curve.

Bai et al. (2014) introduced a new composite method to predict the five
parameters with manufacturer template data. Under STC conditions, two differential
values at the short and open circuit points of the I-V curve were used to obtain five
parameters.

Humada et al. (2015) presented comprehensive extraction of DC parameters
of solar cells using mathematical techniques based on single and double diode
models.

Mares et al. (2015) proposed a new procedure to extract the parameters of
the single diode model under standard test conditions using only the basic data listed
by all manufacturers on the datasheet.

ALQahtani et al. (2015) presented a new approach to correctly extract Iph,
Isat, A, Rs and Rp which are five unknown parameters of the photovoltaic (PV)
module single diode model. The method of extracting parameters includes a new dP
/ dI = 0 equation at the maximum power point, instead of dI / dV = -1/ Rp which is
the equation typically used in the literature. The new equation prevents dependence
on the Rp value. Besides, it does not require any complicated calculation and a
boring combination of other equations to subtract five parameters for a PV module.

Hansen (2015) presented an algorithm to determine the parameters for the
photovoltaic module performance model encoded in the software package PVsyst ™
version 6. The method operates on the measured current-voltage (I-V) under a range
of irradiation and temperature conditions. He explained the method and showed his
steps using the data for the 36-cell crystalline silicon module. He qualitatively
compared his method with another technique to estimate the parameters for the
PVsyst ™ version 6 model.

Toprak et al. (2016) calculated the unknown parameters of the single diode
Rs model with the Simplified Explicit Method and Slope Method, using the catalog

11
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information of the solar panel manufacturer firm sold for commercial purposes to
determine the panel parameters. They created the I-V and P-V characteristics under
different solar radiation intensity conditions in MATLAB environment and
compared their closeness with experimental data.

Hussein (2017) provided a precise, closed-form expression for numerically
solvable Rs while calculating the diode ideality factor in small increments to
calculate the basic parameters required for the electrical characterization of PV
modules, thus formulating four equations to calculate unknown parameters.

Stornelli et al. (2019) proposed a simplified five parameter estimation
method for a single diode PV panel model. This method, based on an iterative
algorithm, is based on estimating five parameters, starting with the data provided by
the manufacturer of the single diode model. In the first step, it is tried to find the

optimum value of the diode ideality factor and in the second step, the R, value is

calculated to increase the accuracy.
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3. MATERIAL AND METHOD

In this section, information will be given about the photovoltaic cell first,
then the ANFIS method to be used to predict the parameters of the photovoltaic cell

will be introduced.

3.1. Material
3.1.1. Photovoltaic

Photovoltaic cell or solar cell are semiconductor materials that convert
sunlight coming into their surface directly into electrical energy. Sunlight consists of
energetic particles called photons. The energy of a photon is calculated by the

following aquation which is known the Planck law (Chegaar et al., 2004).

E=hv=h§ ) (3.1)
In (3.1), h, v, c and A represent the Planck constant (6.63 X 10-34 ] s), the frequency
of the photon (Hz), the speed of light (2.998 X 108 m/s), the wavelength (m) of the
photon, respectively. Since the energy in the atomic order is often expressed as eV
(1 eV = 1.6 x 10719 ]), Planck equality can be arranged as follows by taking as um

the unit of wavelength:

_ 124

E === (V) (3.2)

In order for the power conversion to take place in a photovoltaic cell, a
photon of the semiconductor material equal to or higher than the forbidden band
energy (E,) must be absorbed by said cell. An electron in the semiconductor material

encounters a photon with sufficient energy content and moves from the valence band

13
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to the conduction band, and the resulting electron-hole pair (EHP) forms the basis

of the energy conversion process in photovoltaic systems (Messenger et al., 2004).

3.1.2. Fundamentals of Semiconductor Physics

Semiconductors are materials in the 4A group of the periodic table and used
in photovoltaic cell production. It is the semiconductor silicon with the most
common use in photovoltaic technology. Silicium has 14 protons in its nucleus and
thus 14 orbital electrons. As seen in Figure 3.1., silicon has 4 valence electrons in its

outermost orbit, and it is +4 valued.

/?; ,\\ /z.z';?;:\ e
& s

Figure 3.1. Electron order of silicon semiconductor (Masters,2004).

As shown in Figure 3.2., each atom in pure silicon crystal, completes the
number of valence electrons to eight, by forming a covalent bond in tetrahedral form

with four adjacent atoms.
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Figure 3.2. Covalent bond arrangement of silicon atoms (Masters,2004).

3.1.2.1.The Band Gap Energy

Silicon shows a super insulating property since it does not contain free
electrons at absolute zero temperature. Some electrons in the valence band move to
the conduction band by increasing the bond energies with increasing temperature.

Quantum theory reveals the differences between metals and semiconductors
using the band energy diagrams shown in Figure 3.3. Accordingly, each electron is
located in the band suitable for its energy level. The band with the highest energy
level is the transmission band, and the electron density in this band determines the
level of conductivity of the material. In metals, the transmission band is partially full,

while in semiconductors it is completely empty at absolute zero temperature.
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Figure 3.3. Representation of energy bands for (a) metals and (b) semiconductors
(Masters, 2004).

According to the Quantum theory, the gaps between the energy levels where
electrons can be found are called the forbidden band. The energy required for an
electron to pass through its energy level to the conduction band is called the
forbidden band energy and is denoted by E;. The forbidden band energy unit is
usually expressed as eV.

Forbidden band energy for silicon semiconductor is E; = 1.12 eV. This
value is equal to the energy that an electron needs in order to be released by defeating
the electrostatic force between the nucleus and it. If a photon with an energy content
greater than 1.12 eV is absorbed by a PV cell, an electron passes into the transmission
band by leaving a positively charged space behind it. The excited electrons and
spaces lose their energy within a very short time (10 ~'2 s). The electrons are on the
underside of the transmission band, while the gaps are clustered on the upper part of
the valence band. As a result, each electron loses a radiation energy equal to the
forbidden band energy and rejoins with the gaps in the valence band. Figure 3.4.

shows the formation and recombination of an electron-hole pair.
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Figure 3.4. (a) Formation of electron-hole pair by the action of a photon with
sufficient energy content. (b) an electron can recombine with the hole
(Masters, 2004).

Like the negatively charged electrons, positively charged holes in the silicon
crystal also have the ability to move freely. A valence electron belonging to a filled
energy band of an atom can easily move into a space in the energy band of a nearby
atom, as seen in Figure 3.5. This event can be identified by the fact that a student
who lectures in the classroom leaves the her/his desk to drink water. In the example,
the student represents a free electron, and the desk he/she abandoned represents the
hole. When another student in the classroom gets up from his seat and sits in the
queue vacated by his friend, he also provides a new vacancy. As a result of this
situation gaining continuity within the classroom, the constant displacement of the

empty desk can be considered as the movement of a gap in the semiconductor crystal.
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Figure 3.5. (a) An electron moving to a gap in the energy band of the nearby atom
and (b) displacement of the hole (Masters, 2004).

Determining the minimum frequency and maximum wavelength values that
a photon must have in order to form an electron-hole pair in the silicon
semiconductor is important in terms of determining the available and lost energy
quantities in the silicon photon energy-wavelength graph shown in Figure 3.6.

According to equation (3.1) photons with wavelengths longer than 1.11 um
for silicon semiconductor will not be able to form a pair of electron-hole and their
energies will be spent as heat in the cell. Because a photon can stimulate only one
electron, if it is cooled by a photon silicon semiconductor with a high energy content
due to the short wave length, the extra energy above 1.12 eV is consumed as heat in

the cell (Luque et al., 2003; Wiirfel, 2005).
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Figure 3.6. Photon energy-wavelength graph for silicon semiconductor
(Masters,2004).

3.1.2.2.Solar Spectrum

The sun can be considered a source of radiation with similar spectral
properties to a black object at a surface temperature of 5800 K. The solar constant is
described as a radiation flux measured on the surface, a unit perpendicular to the
sun's rays outside the atmosphere, and its value is 1377 W/m? . Some of the sun's
rays are absorbed by various components during their movements in the atmosphere.
The amount of solar energy reaching the earth significantly depends on the location
of the sun's rays relative to a point on the earth. This position is expressed by the

factor air mass (AM) (Muneer et al., 2004; Sen et al., 2008; Markvart et al., 2003).

AM = 1/cosH6 (3.3)

The conditions AM = 1 and AM = 1.5, which correspond to 0 ° and 48 °

values of the zenite angle (8), are widely used in studies related to photovoltaic
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technology. For AM = 1.5, Figure 3.7. shows the solar spectrum. 2% of the spectrum
consists of ultraviolet, 54% is visible and 44% is made of infrared rays. Since 20.2%
of the solar energy coming to the unit surface consists of photons with a wavelength
longer than 1.11 um, it cannot be used in energy conversion. Similarly, 30.2% of the
total radiation energy is consumed as heat in the cell as it has a greater energy content

than the forbidden band energy.
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Figure 3.7. Solar spectrum of silicon semiconductor for AM = 1.5(Masters, 2004).
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3.1.2.3.The p—n Junction of Semiconductors

As long as a photovoltaic cell is provoked by photons with a higher energy
content than the forbidden band energy, the formation of electron-space pairs in the
semiconductor material continues. The main problem here is that the charge carriers
disappear before completing the energy conversion as a result of the recombination

of electrons and holes. To prevent recombination, a force is needed to keep the
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electrons in the transmission tape away from the holes. This force is provided by an
electrical field created in the semiconductor material. This electrical field prevents
recombination by pushing electrons and voids in opposite directions. In order to
create an electric field in the semiconductor material, two different regions are
created in the crystal. One of the regions is created by adding an element in the 3A
group of the periodic table to the pure silicon crystal at very low concentrations. The
other region is formed by adding an element in the SA group of the periodic table to
the pure silicon crystal.

As an example, if phosphorus in the SA group of the periodic table is added
to the silicon crystal, four valence electrons of phosphorus covalently bond with four
valence electrons of silicon, and the fifth valence electron of phosphorus is released
within the crystal as shown in Figure 3.8. Such atoms are given a donor atom step

because it supplies the crystal with extra electrons.
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Figure 3.8. The donor atom in silicon crystal (Masters, 2004).

As seen in Figure 3.9., the donor atom can be represented by a stationary,

positively charged ion and an electron capable of free movement within the crystal.
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Figure 3.9. Identification of the donor atom (Master, 2004).

If boron in the 3A group of the periodic table is added into the silicon crystal,
three valence electrons of boron and four valence electrons of silicon makes covalent
bonds among themselves, and so electron deficiency occurs in the crystal. An
electron belonging to the neighboring silicon atom can easily fill the existing hole as
seen in Figure 3.10. These atoms are called acceptors atoms because they cause the

need for electrons in the crystal.
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Figure 3.10. The Acceptor atom in silicon crystal (Masters, 2004-).

As indicated in Figure 3.11., the acceptor atom can be expressed by a fixed,

negatively charged ion, and a hole with free mobility within the crystal.
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Figure 3.11. Identification of the acceptor atom (Masters, 2004).

Since there is an excess of electrons in the area where the donor atoms are
located in the silicon crystal, this section is called n-type material. On the other hand,
the section containing the acceptor atoms is called p-type material since there is an
excess of hole in this area in the crystal.

As seen in Figure 3.12., when n-type material and p-type material are
combined along a joint boundary, moving electrons in the n region and moving holes
in the p region begin to move towards each other. As stated in Figure 3.13, when an
electron crosses the joint boundary, it fills a hole and occurs a constant, positively
charged ion in the n region while it forms a stable, negatively charged ion in the p
region. These inert and charged atoms create an electric field by preventing the
movement of electrons and holes from the joint boundary. The width of the free zone
is approximately 1 um. This region pushes the holes towards the p region and the

electrons towards the n region.
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Figure 3.12. The n and p regions combined along a joint (Masters, 2004).
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Figure 3.13. The electrical field formed by immobile, charged atoms (Masters,

2004).

3.1.3. Energy Conversion in Photovoltaic Cell
When a photovoltaic cell is exposed to sunlight, electron-hole pairs are
formed in the crystal thanks to photons with sufficient energy content. When these

mobile charge carriers approach the joint region, the electrons are pushed towards
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the n region and the holes towards the p region owing to the electrical field within

the charge-free zone as seen  in Figure 3.14.

!\Q\l "7 7T @ | Depletion

..@ ________ % _________ Q__ Elfft.rc."ls.l__}&\_____ __ O] region

Accumulated positive charge

Figure 3.14. Pushing electrons and holes towards the poles by the electric field
(Masters, 2004).

Adding opposite charges at two poles of the crystal creates a potential
difference. If a conductive wire and two poles are combined as in Figure 3.15.,
electrons in the n region move towards the holes in the p region. Here, electrons
reunited with holes complete the circuit. The direction of the current occurs in the
opposite direction to the electron movement. In other words, it is from region p to

region n.

Electrical contacts
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Figure 3.15. Direction of electrons and electric current in photovoltaic cell (Masters,
2004).
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3.1.4. Electric circuit models of PV cells

During exposure to sunlight, what happens to p-n joint, let’s consider. Space
electron pairs can occur when photons are absorbed. If these moving charge carriers
reach the periphery of the junction, the electric field in the depletion zone will push
the gaps to the p side and the electrons to the n side as shown in Figure 3.14. While
the p-side accumulates voids, the n-side accumulates electrons. This case, creates a
voltage that can be used to transmit current to a charge (Masters, 2004)..

If the electrical contacts are attached to the top and bottom of the cell, the
electrons will flow to the connecting wire by the n-side, along the charge and back
to the p-side as shown in Figure 3.15 (Masters, 2004).

Since the wire cannot gap, it is only electrons that move around the circuit.
When electrons reach the p -side, they reunite with the gaps that complete the circuit.
Traditionally, the positive current flows in the opposite direction of the electron flow,
hence current arrow in the manner shows the current from the p-side towards the

load again to the n-side (Masters, 2004).

3.1.4.1.The Simplest Equivalent Circuit for a Photovoltaic Cell

Figure 3.16 depicts the elements of a simple equivalent circuit model for a
photovoltaic cell. As it can be seen, real diode, parallel to an ideal current source are
the main elements. In the presence of an ideal current source, a current proportional

to the solar flux is obtained (Masters, 2004).
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Figure 3.16. A Simple equivalent circuit for a photovoltaic cell. (Masters, 2004).

There are two particularly interesting conditions for the actual PV and
equivalent circuitry. As shown in Figures 3.17. and 3.18., the first is the current
flowing (short circuit current, Isc) when the terminals are shorted together, and the
second is the voltage at the end when the terminals are left open (open circuit voltage,
Voc)- When the ends of the equivalent circuit for the PV cell are short-circuited
together, no current flows on the diode (real) diode, as V; = 0, so all current from
the ideal source passes through the short-circuit cables. Since this short circuit
current should be equal to Is., the size of the ideal current source itself should be
equal to Isc (Masters, 2004).

The two most important performance parameters in a photovoltaic cell are
short circuit current and open circuit voltage. The short circuit current of the
photovoltaic cell is the current measured when the poles of the circuit are shorted, as

seen in Figure 3.17 (Masters, 2004).
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Figure 3.17. Short circuit current of photovoltaic cell (Masters, 2004).
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The open circuit voltage is the voltage read from the poles of the
photovoltaic cell, when the current passing through the circuit is equal to zero, as

expressed in Figure 3.18.

O o+
-
) H‘:\ +_HN‘-.I V: VOG
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Figure 3.18. Open circuit voltage of photovoltaic cell (Masters, 2004).

Now we can write a voltage and current equation for the equivalent circuit

of the PV cell shown in Figure 3.16.
avg
Iy =Iy(ekr —1) (3.10)
[ =1Isc— 14 3.11)
and then when we put (3.10) in place of (3.11), we get
Vg
I :ISC—Io(e KT —1) (312)

It is interesting to note that the second term in (3.12) is simply the negative-
sign diode equation. This means that a graph of (3.12) is the inverse Is. added only

to the diode curve in Figure 3.19.
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Figure 3.19. Diode characteristic curve (Di Piazza and Vitale, 2013).

lsc Light

7‘:

Dark

Figure 3.20. Photovoltaic current-voltage relationship when dark (no sunlight) and
light (an illuminated cell) (Masters, 2004).

The dark curve is just the inverted diode curve. The luminous curve is the
dark curve plus Ig..
When the ends from the PV cell are left open, I = 0 and we can solve (3.12)

for the open circuit voltage V. (Masters, 2004);
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Voc = —1 (’SC +1) (3.13)

3.1.4.2.A More Accurate Equivalent Circuit for a PV Cell

There can be times when a more complex PV equivalent circuit than present
in Figure 3.21 can be required. For instance, consider the effect of shading on a wired
cell array in series. If any string is in the dark (shaded), it will not generate current.
In our simplified equivalent circuit for the shaded cell, the current passing through
the current source of this cell is zero, and the diode is back biased so that no current
can pass (except for a small amount of reverse saturation current). This means that
the simple equivalent circuit will not power a load if any of its cells are shaded.
Whereas it is true that PV modules are very sensitive to shading, the situation is not

so bad. Thus, we need a more complicated model if we can deal with facts like the

shading problem.
If_\"
N [ —p- v

"ar
Load ? = "SC H’P Load ;

Figure 3.21. Simple PV equivalent circuit with parallel resistor added. (Masters,
2004).

Figure 3.21 shows a PV equivalent circuit containing some parallel leakage
resistance Rp . In this case, I which is the ideal current source, gives current to the
diode, parallel resistor and load:

I'=(sc—1a)—V /Rp (3.14)
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Figure 3.22. A PV equivalent circuit with series resistance (Masters, 2004).

A better equivalent circuit will include parallel resistance as well as series
resistance. Before developing this model, consider Figure 3.22, where the original
PV equivalent circuit was only replaced to include some series resistors Rg. Some of
these may be contact-related contact resistance between the cell and the cable ends,

and some may be because of the resistance of the semiconductor itself.

qvd
I - ISC_Id —ISC—Io(enkT— 1) (315)
Vy=V+1+*Rs (3.16)
V+I*R
I'=Isc — Iofexp [T0R] — (3.17)
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Figure 3.23. A more complex equivalent circuit for a PV cell involves both parallel
and serial resistors. (Masters, 2004).

Finally, let's generalize the PV equivalent circuit by including both series
and parallel resistors as shown in Figure 3.23. We can write the following equation

for current and voltage:

I'= Isc — Io{exp [FE2E2) — 1} ("*I;RS) (3.18)

3.1.5. TheI —V curve of PV and basic parameters

In the case of connection a single PV module to a load that can be a dc motor
running a pump or be a battery, at first, the module sitting in the sun will
generate an open circuit voltage V., but the current will not flow as shown in Figure
3.18. If the module's terminals are short-circuited together, the short circuit current
Is¢ will flow, but the output voltage will be zero. This is shown in Figure 3.17. In
both cases, since power is the product of current and voltage, it is not powered by
the module and is not powered by the load. When the load is actually connected,
some combination of current and voltage will appear and power will be given. To
find out how much power, we need to consider the I — V characteristic curve of the
module as well as the I — V characteristic curve of the load.

Figures 3.24. and 3.25. show a general P —V and I — V curve for a PV
module obtained using MATLAB, that defines many key parameters, including open
circuit voltage V- and short circuit current Is.. In addition, power provided by the
module is the product of voltage and current is also shown. At both ends of the [ — V
curve, the output power is zero because the current or voltage is zero at these points.

The maximum power point (MPP) is the point close to the knee of the | — V
curve, where the current and voltage product reaches its maximum. The voltage and

current in MPP are sometimes determined as Vi and Iy for the general situation and
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determined Vr and Ir (for nominal voltage and nominal current) under special

conditions that corresponding to idealized testing conditions.
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Figure 3.24. P-V curve of a PV module
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Figure 3.25. 1 — V curve of a PV module

3.1.5.1.Effect of solar radiation value and temperature on photovoltaic cell's
I — V characteristic curve

Model simulations for photovoltaic cells; In addition to its characteristic
features during operating conditions, the continuously changing radiation intensity
and temperature parameters during the day significantly change the current value

obtained through the photovoltaic panel.

3.1.5.1.(1). Effect of Solar Radiation Intensity

As a result of the increase in the value of the radiation coming from the sun;
Since the increase in the number of photons falling on the photovoltaic panel will
increase the probability of removing electrons from the n-type semiconductor
material on the panel, the amount of current produced by the panel also increases. At
the same time, the open circuit voltage increases slightly with the effect of radiation
intensity. The increase in the radiation intensity due to the increase of both values

increases the power value obtained from the photovoltaic panel.
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Figure 3.26. The Effect of Radiation Intensity Value on the Current- Voltage and
Power-Voltage Values of the Photovoltaic Cell

The graph shown in Figure 3.26 shows the change in the current and voltage
values of the photovoltaic cell as a result of the change in radiation intensity. The
photon current (I,,) obtained from the photovoltaic cell as a result of the change of

irradiation intensity changes significantly. In order to calculate the photon current
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(Ipp) value obtained from the photovoltaic cell at certain irradiance, the following

equation (3.19) is used.

G

Iph = @ [Iph,ref + .uISC(TC - TC,ref)] (3-19)

Here;

Lyn,res is photon current reference value (4),

G is radiation intensity (W /m?)

Grey 1s radiation intensity reference value (W / m?)
U;se 18 temperature coefficient of short current (4/K)
T is photovoltaic cell temperature (K)

T¢ rer is photovoltaic cell reference temperature (K)

Standard test conditions (STC) T¢ yer = 25 °C, Gyep = 1000 (W /m?

3.1.5.1.(2). Effect of Temperature

When light energy from the sun falls on photovoltaic cells, it significantly
changes the temperature of the photovoltaic cell. With the changing temperature
value, the current and voltage values of the photovoltaic cell vary significantly,
which changes the amount of power obtained from the photovoltaic cell. Increasing
the temperature value increases the current value produced by the photovoltaic cell,
while causing the voltage value to decrease significantly. This change as a result of
the temperature effect causes the maximum power point value to decrease to lower
levels. As a result of this situation, the efficiency to be obtained from the
photovoltaic cell decreases. The change of the current and voltage values occurring

in the photovoltaic cell with the temperature change is shown in Figure 3.27.
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Figure 3.27. The Effect of Temperature Value on the Current- Voltage and Power-
Voltage Values of the Photovoltaic Cell

3.1.6. Factors Affecting Characteristics of the PV Cell

Described in Section 3.1.4, the solar cell model regards the ideal behavior of
a solar cell under ideal current and diode conditions. In some cases, such kind of a
level-forward models are inadequate to present the characteristics of the solar cells.
Several effects might affect, which are not taken into account, the reaction of the

solar cells.
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Parallel resistance is a cell parameter of a photovoltaic cell that affects the
characteristic of area between the short circuit current and the maximum power point
on the I - V curve. Decrease of parallel resistance of the photovoltaic cell, the area
under the I - V curve as seen in Figure 3.28., so it reduces the output power from the

photovoltaic module.
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Figure 3.28. Effect of parallel resistance on curve I -V (Masters, 2004).

Series resistance is a cell parameter of the photovoltaic cell that affects the
characteristic of area between the open circuit voltage and the maximum power point
on the I -V curve. As a result of the increase of the series resistance of the
photovoltaic cell, as seen in Figure 3.29., the value of the area under the I - V curve
decreases and accordingly the output power obtained from the photovoltaic module

decreases.
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Figure 3.29. Effect of series resistance on the I -V curve (Masters, 2004).

3.2. Method
This section describes in detail the theoretical background of Artificial

Neural Network (ANN) and Adaptive Neuro-Fuzzy Inference System (ANFIS).

3.2.1. Artificial neural networks

In general, an artificial neural network (ANN) is a system developed with
the aim of information processing that allowing the functioning in a similar way to
acting procedure of the biological nervous systems. The working procedure of the
ANN is developed as similar to human brain, which has the ability of processing
huge and complex nonlinear data and information and has also the characteristic of
working parallel, distributed and local processing and adaptation. The design of
ANN resembles brain systematic in terms of building, learning for architectural and
business techniques. Due to the accuracy of ANN and its ability to develop complex
nonlinear models, it has been widely accepted by scientists for various purposes

(Suparta et al.,2016)

39



3. MATERIAL AND METHOD Betiil PADAK

This section will describe ANN's capabilities, such as neuron modeling,

architecture, and the learning process.

3.2.1.1.Neuron Modeling

The interconnected neurons in the brain that can be seen from the Figure
3.30 for illustration that act as a tool to process information depending on the human
senses. As it can be clearly seen from Figure 3.30, a biological neuron comprises of
a cell body covered by a cell membrane (Haykin,2009). Moreover, in each of the
cells, branched referred as dendrites which has the function of transporting

information to the cells of the body through the axons.

Dendrite

Figure 3.30. Schematic representation of a biological neuron (Haykin,2009)

axon is a long single fiber that convey the signal from the body of the cell
to the next neuron. The small area between the neuron and the neighbor neuron,
which also referred as the meeting point among dendrites and axons, is called as
synapse. This area conducts the function of transporting the information. The
information reaching this area coded as electrical signals. Then, the electric signal
are counted. The number of electrical signals reacting to new electrical signal input

that will be used by the adjacent neuron are calculated. Regardless of the limit or

40



3. MATERIAL AND METHOD Betiil PADAK

threshold values, if the electrical signals cannot be distinguished from the
predetermined threshold, the synapses will be delayed. The backwardness of
synapses causes inhibition of the relationship between the two neurons. In parallel
with the biological neuron model, McCulloch and Pitt (1943) reported a model
neuron having the property of transmitting and receiving processing-like information
processes occurring in biological neurons. The basics of the current ANN model are
based on this neuron modelling. Determining the function and function of the
network are determined by a neuron. A representative mathematical model of

neurons applied in ANN model can be seen in Fig. 3.31.

Bias by,

X2
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utput
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SUM

Sinapse
Figure 3.31. A sample ANN mathematical modeling of a neuron (Suparta et
al.,2016).

The neuron modeling based on Figure 3.31. can be illustrated by the

following math equation:
u(k) = Z?:l Wk j Xj and y(k) = (p(U(R)) + b(k) (321)

where uy is the output of the adder function of the neuron model, wy; is the

weighted in the path of synapse j to k neuron, and x; is data or input signal on path
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synapse j. The output of the neuron is represented by y(y), where it is dependent on
the activation function ¢(.) and, the bias by,. Numerous activation function can be
used in the modelling of neurons, some of which are linear function, fixed limiting

function, bipolar sigmoid function and sigmoid function as they are shown in Figure

3.32. (Duch and Jankowski 1999; Dorofki et al. 2012).

(a) Yoo (b) Yoo (c) Yoo (d) Yoo
+1 +1 ?. +1
/ /‘
Uy Ug)y Ug) [
-1 -1 -1 -1
Lif ugy 20 =1%uy I= li = —_— = —2
b k) = Yooy =1 *uy,,I = purelin Yy = = Yoy = —a
Yy : 1+e™® l+e
0,if Uy <0

Figure 3.32. Activation function for (a) the fixed restrictor, (b) purelin, (c) log-
sigmoid, and (d) bipolar sigmoid (Suparta et al.,2016).

3.2.1.2. Architecture

Net architecture is called as a pattern formed by the connections between
neurons and other neurons. In normal, the architecture of the ANN consists of three
layers, which are input, hidden and output layer. The input layer has the role of input
or data receiver from an external stimulant. Then, the information is conveyed to the
next layer so that there can be more than one neuron in this layer. Depending on the
number of inputs to be used, the number of neurons can be altered in this layer. The
next hidden can possess more data; indeed, electrical signal, than the previous layer.
The result of the data processed in this layer using existing functions such as
arithmetic and mathematics, then, directed to output layer. The output layer is the
point where a decision about the validity of the data analyzed depending on the
current limits of the activation function. The output of this layer can be used as output

for the current situation.
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The used connection model in the ANN architecture is deterministic on the
categorization as feedforward neural network and the feedback neural network (Jain
et al. 1996; Tang et al. 2007; Haykin 2009). In Figure 3.33 the taxonomy of the both
ANN architectures can be seen. In feed forward neural network, there exist no
feedback link in the architecture so that incoming signal is allowed to move only one
direction. That is, the output of each layer cannot affect the that of others. Also, it
can be developed by means of single or multiple layers. Generally, the multilayer
component consists of three layers such that input, output and hidden layers. ANN
types which use feed forward neural networks are single layer sensor, multi-layer
sensor and radial basic function (Suparta et al.,2016).

Feedback neural network or repeater is another architecture and has a design
similar to feed forward neural networks. The main difference from feed forward
neural networks is the functionality of being present additional feedbacks slow or
feedback on the previous layer. That is, the data or electrical signal is allowed to
propagate forward and feedback and so that can be an input to the neurons before

and can take role in dynamic applications (Suparta et al.,2016).
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Figure 3.33. The architecture and the Taxonomy of feedforward and feedback neural
networks (Jain et al., 1996).
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3.2.2. Adaptive Neuro Fuzzy Inference System

Network-based fuzzy inference system (ANFIS) is a combination of two soft
computing methods, ANN and fuzzy logic (Jang 1993). The qualitative aspects of
human knowledge can be changed through the fuzzy logic and can gain a sensitive
quantitative analysis process. However, there is no defined method of transformation
and human thought into a rule-based fuzzy inference system (FIS). Also, it takes
quite a long time to set up the membership functions (MFs) (Jang 1993). Unlike
ANN, it has a higher ability to adapt to its environment in the learning process.
Therefore, ANN can be used to automatically set MFs and reduce the error rate in

setting rules in fuzzy logic.

3.2.2.1.Fuzzy Inference System (FIS)

There exist three major components, which are called as the basic rules
where it consists of the selection of fuzzy logic rules “If-Then;” as a function of the
fuzzy set membership; and reasoning fuzzy inference techniques from basic rules to
get the output, in a Fuzzy Inference System (FIS). The detailed structure of the FIS
can be seen in Figure 3.34. The FIS functions when the input consisting the actual
value is converted to fuzzy values using the fuzzification protocol through the
membership function, where the fuzzy value has a range between O to 1. The main
rules and databases are called the knowledge base, where both are key parameters in
decision-making. Under normal conditions, the database includes definitions such as
information in the fuzzy sets parameter with a function that has been defined for each
existing linguistic variable. Improving a database typically involves in turn the
followings: defining a universe, determining the number of linguistic values to be
used for each linguistic variable, and creating a membership function. Taken into
consideration the rules, it includes fuzzy logic operators and a conditional statement
"If-Then". In this point, basic rules can be formed from a human or automatic

generation with search rules that use input-output data numerically. Takagi- Sugeno,
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Mamdani and Tsukamoto are among the some of the several types of FIS (Cheng et
al. 2005). In particular, it has been observed that FIS is predominantly applied in the
Takagi-Sugeno model as an application of ANFIS method.
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Figure 3.34. A schematic representation of a FIS (Suparta et al.,2016).

3.2.2.2.Adaptive Network

Adaptive network is an example of a feed forward neural network with
multiple layers. In the learning process, these networks often use the supervised
learning algorithm. In addition, the adaptive network has architectural features
consisting of several adaptive nodes that are directly connected together without any
weight value between them. Different function and task are coded for each node in
this network. Incoming signal and parameters present in the node can have great
influence on the output. The occurrence of error in the adaptive network can be
minimized by the used learning rule (Jang, 1993).

The basics of the all of the learning algorithms including gradient descent
and back propagation used in the learning process of the basic adaptive network were
proposed by Werbos in 1970 (Jang 1993). Up to now, even if the back propagation
and gradient descent techniques are still employed; nevertheless, the deficiencies in

the back propagation algorithm causing the reduction in the capacity and the
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accuracy of the adaptive networks during the decision-making process. The slow
convergence rate and the tendency to always stick to the local minimum are
important problems in the back propagation algorithm. For this reason, Jang (1993)
proposed an alternative learning algorithm, namely the hybrid learning algorithm,
which has a better capacity to accelerate convergence and prevent trapped formation

in the local minima.

X1 Y1

Input

Vector Output

Vector

X2 ——»

——eY2

Figure 3.35. Adaptive network (Suparta et al.,2016).

3.2.2.3.ANFIS Architecture

ANFIS architecture is an adaptive network that uses supervised learning on
the learning algorithm, with a function similar to the Takagi-Sugeno fuzzy inference
system model. Figures 3.36 a) and b) show the fuzzy fuzzy reasoning mechanism for
the Takagi-Sugeno model and ANFIS architecture. In terms of simplicity, let's
suppose that there exist two inputs x and y and one output f. Two rules are used in

the method of “If-Then” for Takagi—Sugeno model, as follows:

Rulel=IfxisAjandyis By Thenfi =pix+qux+n; (3.22)

Rule2 =If xisAy,and yis B, Thenf, = p,y + g,y + 1, (3.23)
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where A, A, and B,, B, are the membership functions of each input x and y, while
D1, 91, 11 and p,, g5, 1o are the linear parameters of the Takagi-Sugeno fuzzy

inference model.

(a) Premise part Consequent part
4 Ar . L
/-)L_I h e f,=plx#qu+,', S= ‘5’.f:+10’:f:
» A x' [ ¥ » \"‘1 + “";
/"\ o Si=px+qr+r, =w.S tw. f,

(b)
X,y
. |
y 1 Layer 5
X,y
Layer 1 Layer 4

Figure 3.36. (a) Sugeno fuzzy interference system “If-Then” and fuzzy logic
mechanism and (b) ANFIS architecture (Suparta and Alhasa 2013)

Looking at Figure 3.36, there exist five layers in the ANFIS architecture.
The first and fourth layers contain an adaptive node, while the other layers contain a

fixed node. A short description of each layer is as follows (Suparta et al.,2016):

Layer 1: A function parameter is obeyed by each node in this layer. Each node has
an output which is the resemble of a degree of a membership value driven by the
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input of membership function. In particular, a Gaussian membership function (Eq.

3.24) can be a membership function.

x—c; 2
) = e ()

(3.24)
1
pai(x) = L. (3.25)
1+|x—a—’i
01 = pai(x),i=1, 2 (3.26)
01 = Upi—2(¥),i =3, 4 (3.27)

where p,; and up;_, are the degree of membership functions for the fuzzy sets
A; and B;, respectively, and {a;, b;, c;}, are the leading parameters that can effect

the shape of the membership function.

Layer 2: The circle node is labeled Il and each node in this layer is fixed or
nonadaptive. The multiplication of the signal to the node and sending to next node

leads to output node.

Oyi = w; = pgi(x) * ugi(y), i = 1,2 (3.28)

where w; is the output that represents the firing strength of each rule.

Layer 3: Each node in this layer is fixed or nonadaptive, and the circle node is
labeled N. Each node is a calculation of the ratio between the /-t rules firing strength

and the sum of all rules firing strengths.
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— wi
O3;i =W; = o—
3i i Tiw;

(3.29)

Layer 4: Each node in this layer is an adapted node with a node function defined as

an output.
O4; = Wif; = wi(pix + qiy +11) (3.30)

where w; is the firing power normalized from the previous layer (third layer) and

((pix + q;y + 1) is a parameter in the node.

Layer 5: The single node in this layer is a fixed or nonadaptive node, which
calculates its overall output as the sum of all incoming signals from the previous

node.

Osi = Ziw; f; = 2l (3.31)

3.2.2.4.ANFIS's Learning Algorithm

Neuro-adaptive learning techniques have a strategy for learning about a data
set for the fuzzy modelling procedure. These learning techniques calculate the
membership function parameters that allow it to monitor input/output data given to
the associated ambiguous inference system. In the learning process, membership
function parameters alter through the process. To overcome real world problems in
a more efficient way, the task of the learning algorithm is that all the modifiers and
parameters can be adjusted to match the ANFIS output with the training data. In
order to increase the convergence rate, the hybrid network can be trained with a

hybrid learning algorithm that combines the least square root method, and back
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propagation learning method can be used. The least squares method can be used to
define the optimal values of the result parameter in layer 4 with the fixed parameter.
The decrease vector enables a measure of the fuzzy inference system modeling the
input/output data for a given set of parameters. Once the uplift vector is obtained,
any of several optimization routines can be implemented to adjust parameters to
reduce some error measures. When the preliminary parameters are not constant, the
search area grows and the convergence of education slows down. The hybrid
algorithm consists of a forward transition and a reverse transition. When the optimal
result parameters are found, backtracking begins. In the backward transition, errors
propagate backwards and the preliminary parameters corresponding to the fuzzy
clusters in the input area are updated by the gradient descend method. ANFIS uses
least squares estimation and back propagation for membership function parameter
estimation.

To minimize the mean square error function, the output error is used to adapt
the preliminary parameters through the standard back propagation algorithm. This

hybrid algorithm is known to be highly effective in ANFIS training.

3.2.3. Studies on the Thesis

In the part of the thesis, adaptive network based fuzzy logic inference
method was used for PV cell unknown parameters estimation. This method has the
features of learning of artificial neural networks and decision making of fuzzy logic
method. In addition, it also subjectively enables numerical expressions to be added
to verbal values.

Generally, PV modules operate in different weather conditions, so the
parameters required depend on environmental conditions including solar radiation
and temperature. Thus, the outdoor conditions suggest to correlate all paramaters.

Iy, values depend on cell temperature and irradiance. I can be calculated

by the following equation (Bai, et al., 2014; Jordehi, 2016; Kumar et al., 2017):
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G

Gref

Iph = [Iph,ref + asc(TC - TC,ref)] (3.32)

Here;

Gref » Ipnref » Tc,res are solar irradiance, photocurrent and cell temperature at STC
conditions, respectively. G, I, and T¢ are the relevant parameters in real outdoor
conditions, o, is the current temperature coefficient of the PV module.

Reverse saturation current (Io) changes with PV cell temperature and It can

be calculated using the following equation (Bai, et al., 2014; Kumar et al., 2017):

3 Egrer E
lo = lorer [72] expl |22 - 2 (333

Kn| Tref  Tc
Here;

Iy rer and Ty ¢ are the reverse saturation current and PV cell temperature under STC
conditions. I and T¢ are depends on parameters in actual outdoor conditions. Eg r¢f

is the material band gap energy and is equal to 1.121 eV for silicon PV cell at STC.
The band gap energy (Eg) depends slightly on PV cell temperature in
outdoor conditions and can be expressed as follows (Tossa, et al., 2014; Bai, et al.,

2014):
E; = Egrer(1—0.0002677(T¢ — Trer)) (3.34)
The ideality factor (n) can be estimated using the following equation:

T
n= nref(rif) (3.35)
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The effect of the Rg parameter cannot be neglected, since it is responsible
for the shape of the I-V curve at maximum power and depends on the temperature
of the photovoltaic cells and the radiation of the sun (Bai, et al., 2014). Therefore, it
is rational to determine the Rg and Rp values corresponding to the thermal
parameters of the material. The Rg formula can be defined as follows (Tossa, et

al.,2012; Siddiqui et al., 2013; Ma et al., 2014; Jordehi, 2016; Kumar et al., 2017):

R = Rs_ref%f [1 — By ln (Gif)] (3.36)

Here;

Rg ey is the series resistance at STC conditions and Rg is the resistance value
in real outdoor weather conditions. The value of f8,. approaches 0.217.

Regarding parallel resistance, high Rp values cause a flat slope of the short
circuit point (Bai, et al.,2016). It is reported that the Rp value is inversely
proportional to solar radiation in De Soto et al.,2006; Siddiqui et al.,2013; Ma et
al.,2014; Tossa, et al., 2014 as follows:

Gr
Rp = Rprer—o* (3.37)

Here;

Rp res is the parallel resistance under STC conditions. Rp is the parameter

values under the actual outdoor weather condition.

3.2.3.1. Recommended ANFIS and PV Model
In this section, ANFIS based PV model is used to estimate PV cell unknown

parameters of the PV cell with given external outdoor data.
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The architecture of the proposed ANFIS-based model is shown in Figure
3.37. The input data consists of solar radiation (G) and cell temperature (Tcei), while
the output is the photocurrent (Iyn), diode saturation current (Io), parallel resistance
(Rp), diode ideality factor (n) and series resistance (Rs) of the PV module. The
algorithm uses a combination of the least-squares and back-propagation gradient

descent methods to train the dataset.

Input Layer Hidden Layer Output Layer

O LN
.9,
S e
PO
SOR
R0
O
) oo

Membership Fuzzy

Ipn

In

Tcell

00 DO
ENRRNRENN

Sfunctions rules
Figure 3.37. ANFIS architecture for the recommended photovoltaic model (Diaz
et.al, 2019).
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Iph
I
Irradiation (G) ——>  Neural 0 > Single  —>Voltage(V)
Network Rp Diode PV
ANFIS B> Model
Model n
Temperature (T) — N - Current (T)
Rg
=

Figure 3.38. Recommended photovoltaic model

In this thesis, an adaptive network based fuzzy inference system (ANFIS)
based prediction model is proposed to estimate the unknown parameters of the PV
cell.

The unknown parameters can be determined by the proposed method based
on the measurement data. The results of the simulations revealed that there is good
relation between the measured and the predicted data. A higher R? value is the
representation of the better prediction of the proposed PV model. That is, it can be
understand the accuracy of the model and the prediction success of the values
calculated in this type of algorithms by looking at the best R? values. These values
are between 0 and 1, and R? value must be close to 1 to obtain a good result. If R?
value is close to 1, it means that the link between the estimate and the actual output
is strong, that is, the predicted value is very close to the actual output.

The manufacturer information of the photovoltaic module used for

simulation is shown in Figures 3.39 and 3.40.
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MITSUBISHI ELECTRIC PHOTOVOLTAIC MODULE

SPECIFICATION SHEET

Manufacturer MITSUIBISHI ELECTRIC

Model name PV-UE130MFSN | PV-UE125MFSN I PV-UE120MFSMN I PY-UET15MFSN
Cell type Polycrystalline Silicon, 156mm x 156mm

Mumber of cells 36 calls in a series

Maximum power rating (Pmax) 130W 125W 120W 115W
Warranted minimum Pmax 123.5W 118.8W 114.0W 109.3W
Tolerance of maximum power rating +10/-5%

Open circuit voltage (Vo) 219V 21.8Y [ 21.6Y 21.5V
Shart circuit current (lsc) B.O5A 7.90A E TN 7.604
Maximum power voltage (Vmp) 17.4V 17.3V 17.2V 17V
Maximum power current (Imp} TATA 7234 6994 6754/
Mormal operating cell temperature (NOCT) 47.5 degree C

Maximum system vaoltage ) DC 600V

Fuse rating 150

Dimensions 1495x674x46mm (58.9x26.5x1.81inch)

Weight 13.5kg [29.81bs.)

Qutput terminal (+) 800mm/(-) 1250mm with MC connector (PV-KBT4/6 -UR, PV-K5T4/6 -UR)

Madule efficiency 12.9% | 12.4% 11.5% 11.4%
Packing cendition 2 pos - 1 carton

Certificate IEC 61215 edition 2 (static load test 2400Pa passed),

EN £1730, TUV Safety Class T

Figure 3.39. Mitsubishi Electric Photovoltaic Module Datasheet Information

ELECTRICAL CHARACTERISTICS

Electrical Performance

Temperature dependence of Isc, Voc and Pmax Irradiance dependence of Isc, Voc and Pmax
cell temperature : 251C

cell temperature : 25/C

Power (W)

g
. :
< s
s Ed
2 .
i
-

Normalized Isc, Voc and Praax (

Voltage (V) Cell Temperature {iC) Iradiance (W/m?)

Case of PV-UE125MF5

Figure 3.40. Mitsubishi Electric Photovoltaic Module Datasheet Electrical
Characteristic

55



3. MATERIAL AND METHOD Betiil PADAK

56



4. RESULTS AND DISCUSSION Betiil PADAK

4. RESULT AND DISCUSSION

In this study, it was suggested that solar irradiance and cell temperature
together are the good equivalent prediction parameters for I, Io Rp, n and R. For
the 2 inputs, 5 different ANFIS structures are constructed. Figure 4.1 shows the
developed ANFIS model structure for PV modules.

l Ipha IO: Rp: n: RS

Data Set
Irradiation (G) —{> J
Temperature (T)—{> ;1 Iph, Yo Rp: mele
_{ ANFIS | i e
Modelling J rd =

Learning Algorithm }{F

Figure 4.1. ANFIS models proposed for estimating equivalent electrical circuit
parameters.

In this design, the Sugeno model in Fuzzy Inference System (FIS) was
chosen. A model with two inputs and one output was designed (separately designed
for each parameter). Input values are solar radiation and cell temperature. The
outputs of the desired value are photo current, diode saturation current, parallel
resistance, diode ideality burner and series resistance. Three membership functions
are defined for each login. Thus, a total of 9 different rules were created. The figures

below show ANFIS structures developed for photocurrent as an example.
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(4 Fuzzy Logic Designer: Untitled3 - a X
File Edit View

Figure 4.2. FLC Sugeno model interface

ANFIS GUI (Graphical User Interface) is used as a function of the Fuzzy
Logic Toolbox included in the Matlab program. The 'anfisedit' command is typed in
the command window, or can switch to ANFIS from an Edit menu while the fuzzy

inference window is open.
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4] Neuro-Fuzzy Designer: Untitled3 - [m] X
uzzy Desig
File Edit View

Figure 4.3. ANFIS graphical user interface

The data edited in Excel was transferred to the MATLAB / Workspace
environment and saved. The data was retrieved using the Import Data button. When

the model was created, the data was divided into two data sets:

e  Training data set

e  Test data set

Training data learns the relationship between network input-output data and

edits membership function parameters until the specified number of loops or the
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desired error level is reached. With the test data set, the capability of the model that
has been trained and the parameters are edited is measured with data that it has never
encountered before.

Training and test data sets were created using the Sandia National
Laboratory characteristic model. In this study, a total of 1160 training data sets
randomly selected from the external measurement data were used for training the
network. 500 data sets were used for were used for testing (Hansen, 2015).

Once the datasets are loaded, one of two alternative methods is chosen to

create a fuzzy inference system under 'FIS generation'. These methods;

*  Grid partition

*  Sub-clustering

In this work, a Grid partition is created for the model. The sub-clustering
option is not used because there are many parameters.

ANFIS model structure is seen in Figure 4.4. The two black nodes (circles)
on the far left of the figure reflect the criteria associated with the problem. In the
second layer, three membership functions associated with each variable are assigned.
In the third stage, 3> = 9 rules are formed. Each output from the relevant rules is
included in the 4th layer, and the outputs associated with all the rules are collected

and the output value estimated by the system is reached in the 5th layer.
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‘4 Anfis Model Structure - (m] X

!

Figure 4.4. ANFIS model structure

There are 2 inputs as solar irradiance and cell temperature. Three different
membership functions are defined for each entry. Solar irradiance data (G), cell
temperature data (Tcen) and membership functions for output are exhibited in Figure

4.5, Figure 4.6, Figure 4.7 respectively.
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4 Membership Function Editor: Untitled3 - [m] X
File Edit View

FIS Variables Membership function plots B 181
X1
G oh
7
X
ol A
o i wma %0 1000 1100 1200

igure 4.5. Membership functions for Solar irradiance data
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& Membership Function Editor: Untitled3 - [} X
File Edit View
) plat ponts:
s . Mambership function plots . | ““'
: Teolimf Teelimf2 Teelmf3
G Iph
\V \/
XX
. 05}
Teell

45 50 55 60
input varable *Tcell"

Figure 4.6. Membership functions for cell temperature data
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4 Membership Function Editor: Untitled3 - [m] X
File Edit View

e Mombersbdp haacion plom il ags
Qi IphmfS
XX [ -
G bh phmfo
XX o =
Tooll o -
phmt phmfs

Figure 4.7. Output membership functions of the model created by Grid partitioning
method

After the membership functions were defined, 9 different rules were created.
Also, a value is obtained from each rule. The resulting output function values are
converted into a single output value. The rules created in the rule editor are shown

in Figure 4.8.
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4 Rule Editor: Untitled3 — (] x
File Edit View Options

1 T (C 5 mf1) and (Tcell is Tcelimf1) then L 1) (1
2 If (G is Gmf1) and (Tcell is Tcellmf2) then (Iph is Iphmf2) (1)
3. If (G is Gmf1) and (Tcell is Tcelimf3) then (iph is lphmf2) (1)
4. If (G is Gmf2) and (Tcell is Tcelimf1) then (iph is Iphmf4) (1)
S. If (G is Gmf2) and (Tcell is Tcelimf2) then (Iph is IphmfS) (1)
6.
7.
8
5.

If (G is Gmf2) and (Tcell is Tcelimf3) then (iph is Iphmf8) (1)
If (G is Gmf3) and (Tcell is Tcelim?1) then (Iph is iphmf7) (1)
If (G is Gmf3) and (Tcell is Tcelimf2) then (Iph is iphmf8) (1)
If (G is Gmf3) and (Tcell is Tcellmf3) then (lph is Iphmf3) (1)

Fiure 4.8. Rule editor designed for ANFIS

Figure 4.9 shows the graphical representation of the relationship between
input and output values. Represents the output value with values entered according
to the 9 rules created. In addition, it enables us to approach the expected value in the

output with the training data previously loaded into the ANFIS interface.
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‘4 Rule Viewer: IL — a X

File Edit View Options

input1 = 904

T
L
TR
L

2 [T ]
502.0660 1306.0058  41.6085 65.6173 [:D
-0.9872 10.97
Iput | [904;53.61] ""'0' BORNSSI 101 Move: et | rignt | down| up |
Opened system IL, 9 rules Help | Close |

Figure 4.9. Rule editor designed for ANFIS

A total of 1160 different data sets were uploaded from the outdoor
measurement data to the ANFIS interface. Training data sets are loaded as shown in
Figure 4.10. Finally, after clicking the 'train now' tab in Figure 4.11, the approximate

error in the system is shown.
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Figure 4.10. Loading the training data set

& Neuro-Fuzzy Designer: Untitled3 - a >4
File Edit View

Figure 4.11. Training error of the ANFIS mode
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Figure 4.12. For the training data set Comparison of actual data and ANFIS extracted
data for equivalent parameters of PV modules namely I

Figure 4.13. For the testing data set Comparison of actual data and ANFIS extracted
data for equivalent parameters of PV modules namely I,
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Figure 3.38 summarizes the basic configuration of the proposed PV model.
It consists of a two-step process. First, a neural network is used to estimate five
parameters simply by reading samples of temperature and irradiation. Second, these
parameters are placed in the single diode electrical equivalent circuit model.

In order to test the learning ability of the network, it was tested by creating
randomly selected test data sets that were not included in the training data set. It was
seen that the obtained R? values were close to 1. it means that the bond between the
prediction and the observed value is strong, that is, the predicted value is very close

to the true value.

Table 4.1. Training and Test data sets best R? values

R2 Iph Io RP n Rs
Training data 0.9992 0,9999 0.9766 0.9994 0.9266
Test data 0.9991 0,9993 0.9726 0.9993 0.9159

The figures below show the best R* values found for the real data and

estimated data of the training data set.

Table 4.2. Real and Estimated datas for training data set
G Tean Ln Iy R, n R, Vee Vi Tmp L
539.5317 | 41.9636 | 4.1863 | 1.32E-07 | 235.4792 | 1.1231 | 0.2474 | 18.9418 | 15.0944 | 3.8259 | 4.1818
G Teen Lon_est To_est Ry est N est R est Voe_est Vip_est | Imp_est Loc_est
539.5317 | 41.9636 | 4.2356 | 1.21E-07 | 234.2769 | 1.1237 | 0.2472 | 19.0604 | 15.1944 | 3.8726 | 4.2311
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G =539.5317W/m?
Tee=41.9636°C

45

4

3,5

Real data of I-V curve
R?=0,9998

Cuurent ()

0 5 10 15 20
Voltage (V)

Figure 4.14. Real data of I-V curve

G = 539.5317 W/m? .
T..=41.9636°C Estimated data of I-V curve

45 R? =0,9997

4
3,5

Cuurent ()

0 5 10 15 20
Voltage (V)

Figure 4.15. Estimated data of I-V curve
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G =539.5317 W/m?

T..,=41.9636°C Real data of P-V curve
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Figure 4.16. Real data of P-V Curve

G =539.5317 W/m?

T..=41.9636°C Estimated data of P-V curve
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Figure 4.17. Estimated data of P-V curve
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Table 4.3. Real and Estimated datas for training data set

G Teen Ion Iy R, n R Ve Vip Tnp )
830.5519 | 49.2877 | 6.4784 | 5.76E-07 | 235.6253 | 1.1885 | 0.25151 | 19.2846 | 14.8197 | 5.8892 | 6.4714

G Teen Iph_esl IO_esl Rp_esl N _est Rs_esl Voc_esl Vmp_esl Imp_esl Isc_est
830.5519 | 49.2877 | 6.5123 | 5.77E-07 | 234.0639 | 1.1889 | 0.25153 | 19.2937 | 14.821 | 59197 | 6.5053

G=830.5519 W/m?
T . -4992877°C Real data of I-V curve

cell =

7 R =0,9996

6

Cuurent ()

0 5 10 15 20
Voltage (V)

Figure 4.18. Real data of I-V curve
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G=830.5519 W/m?

T =492877°c Estimated data of |-V curve

R?=0,9995
.

6

5
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Figure 4.19. Estimated data of I-V curve

G=830.5519 W/m?

Tea =49.2877°C Real data of P-V curve
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Figure 4.20. Real data of P-V curve
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G=830.5519 W/m?

T.=492877°c Estimated data of P-V curve
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Figure 4.21. Estimated data of P-V curve

Table 4.4. Real and Estimated datas for training data set
G Tear L Iy R, n R, Vee Ve Loy L.
1015.794 | 54.1486 | 7.9409 | 1.40E-06 | 235.8130 | 1.2328 | 0.2543 | 19.4527 | 14.5979 | 7.1736 | 7.9322
G Teen Lon_est To_est Ry et Nt R est Vocest | Vimpeest | Impest | Isc_est

1015.794 | 54.1486 | 7.9569 | 1.41E-06 | 237.1611 | 1.2331 | 0.2535 | 19.4496 | 14.5959 | 7.1884 | 7.9484
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G = 1015.794 W/m?
T,.=54.1486°C
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Figure 4.22. Real data of I-V curve
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Figure 4.23. Estimated data of I-V curve
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Figure 4.24. Real data of P-V curve
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Figure 4.25. Estimated data of P-V curve
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S. CONCLUSION

In this thesis, ANFIS method was proposed for the PV cell unknown
parameter estimation. This method has the features of learning artificial neural
networks and deciding on fuzzy logic method. Additionally, it allows for the
subjective addition of numeric expressions and verbal values. In this thesis, the
unknown five parameter values depending on the solar radiation and the temperature
of the photovoltaic cell were estimated by ANFIS without requiring any equation
solution.

The tables and graphs below show the best R? values found for PV cell five
unknown parameters. It was seen that the obtained R2 values were close to 1. This
result showed that the relationship between the real value of the parameters and their
predicted value is strong, that is, the predicted value is very close to the true value.
As a result, unknown parameters were calculated with ANFIS to an accuracy of
about 1. [-V and P-V features drawn in the light of these results are given in chapter

4 and it is seen that the graphics are very close to each other.

Table 5.1 Best R? for PV cell five unknown parameters

R’ 0.9992 10.9991(0.9915 |0.9999 |0.9736
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Figure 5.1. Real and Estimated values graph for Ipn
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Figure 5.2. Real and Estimated values graph for Iy
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Real and Estimated values graph for R,
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Figure 5.3. Real and Estimated values graph for R,
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Real and Estimated values graph for R,
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Figure 5.5. Real and Estimated values graph for R

The graphs below show the changes of five unknown parameter values of a

photovoltaic cell depending on the radiation and cell temperature.
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2 _
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Figure 5.6. Change of photo current due to solar irradiation for real data

ANFIS curve R*=0,9991
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Figure 5.7. Change of photo current due to solar irradiation for ANFIS data
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Figure 5.8. Change of photo current due to cell temperature for real data
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Figure 5.9. Change of photo current due to cell temperature for ANFIS data
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. Real data curve R2=0,9519
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Figure 5.10. Change of diode saturation current due to solar irradiation for real data
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Figure 5.11. Change of diode saturation current due to solar irradiation for ANFIS
data
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Real data curve
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Figure 5.12. Change of diode saturation current due to cell temperature for real data
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Figure 5.13. Change of diode saturation current due to cell temperature for ANFIS
data
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Figure 5.14. Change of parallel resistance due to solar irradiation for real data
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Figure 5.15. Change of parallel resistance due to solar irradiation for ANFIS data
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Figure 5.16. Change of parallel resistance due to cell temperature for real data
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Figure 5.17. Change of parallel resistance due to cell temperature for ANFIs data
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Figure 5.18. Change of diode ideality factor due to solar irradiation for real data
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Figure 5.19. Change of diode ideality factor due to solar irradiation for ANFIS data
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Figure 5.20. Change of diode ideality factor due to cell temperature for real data
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Figure 5.21. Change of diode ideality factor due to cell temperature for ANFIS data
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Figure 5.22. Change of series resistance due to solar irradiation for real data
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Figure 5.23. Change of series resistance due to solar irradiation for ANFIS data
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Real data curve
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Figure 5.24. Change of series resistance due to cell temperature for real data
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Figure 5.25. Change of series resistance due to cell temperature for ANFIS data
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In the traditional PV model, the dependence of all model parameters on solar
radiation and cell temperature is not included, so the accuracy and reliability of the
performance estimate cannot be sufficient for all operating conditions. In this thesis,
solar radiation and cell temperature have been accepted as variable parameters for
all parameters of the PV module equivalent circuit model. Using ANFIS, it was
estimated by simply reading solar irradiance and cell temperature samples. After
that, these parameters were presented to the PV module's current-voltage equation
to obtain electrical characteristics. The trained network was found to be sufficiently
accurate in representing the change of parameters compared with other methods.

As a result, in this study, the unknown parameters of the single diode model,
also known as the five parameters model of the photovoltaic cell; Photocurrent (I,,),
diode saturation current (I,), diode ideality factor (n), series resistance (Rs) and
parallel resistance (R,) were tried to be estimated by ANFIS using experimental
data. I —V and P — V characteristics were obtained by comparing the manufacturer's
data sheet information and ANFIS output results in MATLAB / Simulink
environment. Simulation results showed that using ANFIS to extract unknown

parameters of PV module is a useful tool.
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