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Bu tezde, fotovoltaik (PV) gii¢ sistemleri i¢in Yapay Sinir Ag1 (YSA) cikisini referans deger
olarak kullanan Oransal Integral Tiirevsel (PID) denetleyici esasli bir Maksimum Gii¢ Noktasi
Izleme (MPPT) yontemi &nerilmektedir. Onerilen ydntem geleneksel MPPT yéntemleri olan
Degistir Gozle (P&O) ve Artan Iletkenlik (IC) MPPT algoritmalari i¢in uyarlanmistir. Onerilen
yontemde YSA anlik giines 1s1nim1 ve PV panel sicaklifina bakarak olmasi gereken maksimum
giic noktasin1 (MPP) belirlemekte ve boylece degisken giines 1sinimina ve panel sicakligina gore
adaptif bir referans deger elde edilmektedir. Daha sonra bu referans MPP deger ile PV anlik giicii
arasindaki fark alinmak suretiyle bir hata degeri olusturulmaktadir. Son olarak bu hata degeri bir
PID denetleyiciden gegirilerek bir kontrol isareti elde edilmektedir. Bu kontrol isareti ise PO ve
IC algoritmalarindaki normalde sabit olarak alinan ¢evrim orani yerine kullanilmaktadir. Boylece
degisken giines 1sinimina ve panel sicakligina gore adaptif ve bir referans degere gore gevrim
orani Uretilmektedir. Bu ise P&0O ve IC yontemlerinde karsilasilan dezavantajlart
giderebilmektedir. Calisma, yiikselten tipi bir DC-DC g¢evirici ve bir evirici lizerinden sebekeye
bagli 100 kW giiciindeki bir PV dizisi {izerinde benzetim ¢aligmalari ile test edilmistir. Testlerde
gercek ortam kosullarini temsil edebilmek icin farkli 1s1nim ve PV panel sicaklik kosullari
dikkate alinmistir. Bulgulara gore onerilen yontemin, geleneksel P&O ve IC yontemlerine gore
daha az gii¢ dalgalanmasina, yiiksek hizli yanita ve ¢evrim oraninda daha az dalgacik oranina
sahip oldugu gozlemlenmistir.

Anahtar Kelimeler: Maksimum Gii¢ Noktas: Izleme, MPPT, Fotovoltaik Gii¢ Sistemi, PV, Yapay
Sinir Ag.
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In this thesis, a Proportional Integral Derivative (PID) controller based Maximum Power Point
Tracking (MPPT) method is proposed for photovoltaic (PV) power systems, which uses the
Acrtificial Neural Network (ANN) output as a reference value. The proposed method is adapted
for the traditional MPPT methods, change by perturb and observe (P&O) and Incremental
Conductance (IC) MPPT algorithms. In the proposed method, ANN determines the required
maximum power point (MPP) by looking at the instantaneous solar radiation and PV panel
temperature, and thus an adaptive reference value is obtained according to the variable solar
radiation and panel temperature. An error value is then generated by taking the difference
between this reference MPP value and the PV instantaneous power. Finally, this error value is
passed through a PID controller to obtain a control signal. This control signal is used instead of
the normally fixed duty ratio in P&O and IC algorithms. Thus, adaptive duty ratio is produced
according to variable solar radiation and panel temperature and according to a reference value.
This can eliminate the disadvantages encountered in P&O and IC methods. The study has been
tested by simulation studies on a 100 kW PV array connected to the grid via a boost type DC-DC
converter and an inverter. Different radiation and PV panel temperature conditions were taken
into account in order to represent the real ambient conditions in the tests. According to the
findings, it has been observed that the proposed method has less power fluctuation, high speed
response and less ripple ratio in duty ratio compared to traditional P&O and IC methods.

Keywords: Maximum Power Point Tracking, MPPT, photovoltaic power system, PV, artificial
neural network.
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1. INTRODUCTION

Renewable energy technologies and structures are gaining popularity due to their quiet and clean
nature. Renewable energy technologies exist in a wide range of forms. Due to the nature and
natural behavior of renewable energy, it can generate either DC or AC electricity. The present
scenario encourages us to connect additional renewable energy sources to the networks. PV
systems are one of the most rapidly increasing and widely utilized power sources in modern
electric technologies. Despite the fact that solar panel structures typically have high production
costs and low energy transformation efficiency (Kumaresh et al., 2014). The most important
factor for replacing traditional energy sources with environmentally friendly natural sources is
determining how to capture the greatest amount of energy and deliver the greatest amount of
power at the lowest cost for the specified load in the electrical network (M. A. Sasi, 2017).

One of the best renewable energy sources is solar energy. It is a significant advantage because
solar energy systems don't release dangerous chemicals into the environment. Furthermore, the
fact that it may be used practically anywhere is a significant advantage. It is now employed in a
wide range of applications and sizes, including vehicles, houses, farms, residential area etc.
Mechanical generators and engines are not utilized in the production of electricity from solar
energy, as they are in the generation of electricity from other renewable resources. This is a
significant benefit with regard to both maintenance and costs. In addition to all of the benefits,
the efficiency of converting solar energy to electricity is in the range of 15-20%. Environmental
parameters such as radiation and ambient temperature are also major factors influencing the
output power of solar energy systems (Luo, L, et al,. 2020).

Solar energy has the ability to be a limitless source of energy in the years to come. Solar energy
is energy in the form of photons produced by the Sun that is received and turned into thermal or
electrical energy. The photoelectric effect is used to generate electricity using solar energy. The
photoelectric effect occurs when the energy contained in photons dispersed from the sun causes
free electrons to be released on a surface. Solar energy is converted into electricity using
photovoltaic (PV) panels constructed of semiconductor materials silicon and selenium.
Depending on the application, buck, boost, or buck-boost DC-DC converters should be utilized
to decrease or increase the voltage from the PV (Dinger, F. 2011).

PV output power is affected by solar radiation and temperature. Seasonal fluctuations, changes in
the angle of reflections of sunlight based on the path of the sun through the day, and shading
caused by variables like clouding and dusting are all factors that impact the radiation and
temperature of the PV. The electricity generated by PV varies depending on this component. The
maximum power point (MPP) is the power value generated by the PV for each radiation and
temperature condition. Maximum Power Point Tracking (MPPT) is the practice of maintaining
the PV's output power at the MPP point (Rajesh and Mabel. 2015). In research, many approaches
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for MPPT have been proposed. Constant Voltage (CV), Open-Circuit Voltage (OCV), Short-
Circuit Current (SCC), Perturb and Observer (P&QO), incremental conductance (INC), Extreme
Seeking Control (ESC), Ripple Correlation Control (RCC), Fuzzy Logic Control (FLC),
Artificial Neural Network (ANN), and Proportional-Integral-Derivative (PID) based approaches
are examples of these.

The CV algorithm is a simplified MPPT control approach. This approach aims to determine the
voltage of the solar panel module at the MPP (Vrer Or Vmpp) and maintain the solar panel module's
instantaneous operating voltage at the established Vrer value. Temperature and radiation are not
considered. It is expected that by obtaining the Vi value, the MPP at the panel output is
retrieved approximately (Karami, N, et al., 2017). Under specific radiation and temperature
situations, Vrer is obtained. Because of the fluctuation of radiation and temperature, it cannot
precisely monitor the MPP (Ko, J. S, et al., 2020).

Another basic MPPT approach is OCV. It is a more developed type of CV approach. As with the
CV approach, no fixed reference voltage is used. A fixed reference voltage is not utilized as in
the CV approach. At the running period, the load is deactivated, and the current open circuit
voltage is measured again for the current irradiance and temperature values. The Vet value is
derived by computing the formula Vmpp = Voc x k1 0.7 < ki < 0.8 for each determined open-
circuit voltage. Then the CV method is operated. This approach is simplified, however the
frequent disconnection and resuming of the load generate discontinuities and losses in the
supplying of the load. In this way, too, the actual MPP is hard to capture. The SCC approach is
an approach that performs comparable operations to the OCV technique over a flow of data.
Disconnecting the load from time to time has a detrimental impact on efficiency in this manner
as well. In this approach, the short-circuit current in the MPP is computed using the following
equation: Impp = Isc x k20.78<£2<0.92 (Ko, J. S, et al., 2020).

When the panels in a photovoltaic system receive varying radiation, the traditional P&O
approach has certain issues. It has a long tracking period and large steady-state vibrations in
these instances (Karami, N, et al., 2017). For duty modification, the traditional P&O approach
has a set iteration step size. Increasing the step size speeds up tracking while causing steady-state
vibrations around the MPP. When the step is shortened, the steady-state vibrations are
dampened, but the tracking speed is reduced by one. P&O approaches with variable iteration step
sizes have been proposed in the literature to address this issue. The distance to the MPP is
considered in these procedures. When the output power is close to MPP, larger steps are chosen
for faster tracking, whereas smaller steps are preferable for reduced oscillation. (Yiiksek and
Mete, 2022) introduced a P&O-based variable step size approach to MPPT. Another popular
MPPT approach is the Incremental Conductance (IC) method. The electrical conductivity of the
photovoltaic panel is compared with the rise in conductivity in this approach (Kayisli, 2023). The
Incremental Conductance (IC) approach is utilized to overcome the disadvantage of the P&O
approach under rapidly changing atmospheric circumstances (Christopher and Ramesh, 2013).
The dP/dV ratio is used to make a conclusion in this case. At the MPP point on the power-
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voltage graph, dP/dV equals zero. The formula 1/V = dI/dV is obtained from here. In this formula,
I/V represents the PV conductance, and dI/dV represents the incremental conductance. The
position of the present operating point on the power-voltage graph is determined by evaluating
these two ratios.

The Atrtificial Neural Network technique is an excellent strategy to generate mathematical
mapping via learning between the variables of the input and output. of nonlinear systems
(Ahmed, Emad M, et al., 2022). Although artificial neural networks are trained with a limited
number of inputs, they generate outcomes by generalizing to a large number of uninformed
inputs. This feature is commonly employed in a variety of MPPT investigations. Some MPPT
studies (Chun-hua, et al., 2009) made use of a fuzzy neural network (FNN). ANN has been
employed in some research to estimate the optimal current and voltage values in the MPP
(Dzung, et al, 2010), and in others to foresee the MPP voltage. In this study, the ANN calculates
the global MPP voltage based on the instantaneous radiation and temperature value, the FLC
provides the control signal to achieve the MPP based on this voltage value.

In this thesis, a Maximum Power Point Tracking (MPPT) method based on Artificial Neural
Network (ANN) and PID controller is proposed. In the study, ANN was trained using
instantaneous solar radiation and PV panel temperature values. Thus, ANN finds the actual MPP
value that should be according to each new solar radiation and PV panel temperature value. An
error value is calculated by taking the difference between this real MPP value, which the ANN
finds for each new situation, and the instantaneous PV panel output power. This error value is
used as the input error value for the PID controller. The control signal generated by PID is used
instead of the normally fixed conversion rate in traditional P&O and IC algorithms. Thus,
adaptive conversion rate is produced according to variable solar radiation and panel temperature
and according to a reference value. This can eliminate the disadvantages encountered in P&O
and 1C methods. A 100 kW PV array output was connected to an electric grid via a boost DC-DC
converter and an inverter, and simulation studies were carried out for different solar radiation
and PV panel temperature values.



2. LITERATURE REVIEW

Many academics have studied various strategies for tracking the Maximum Power Point (MPP)
of PV arrays. This chapter analyzes all of the material gathered from significant research on PV
system DC-DC converter applications and develops an MPPT controller for a stand-alone and
grid-connected PV system. Journals, conferences, research papers and books are the primary
sources of this knowledge.

Litran, S. P.et al., (2009) presents a method for regulating the MPPT of a PV system. A solar
array, a load coupled to a DC/AC inverter, and a DC/DC converter comprise the system. The
recommended solution, which is based on Sliding Mode Control, enables direct control of the
power converter. The efficiency of the proposed approach is demonstrated in this study through
some realistic simulation results, and the system's adaptability and dependability are also
investigated.

Shih and Lu, (2010) developed a Fuzzy Neural Network (FNN) control system with a boost
DC/DC converter for the solar cells MPPT controller. The FNN system, which blends fuzzy
theory with neural networks, has two advantages: predictability neural network learning and data
processing. First, a suitable framework was developed. By changing the learning settings and the
weight of connections in the neuron network it can track the maximum power point of the solar
PV cell. Finally, when compared to alternative qualitative controllers, the proposed MPPT
approach exhibited the quickest tracking speed and the highest efficiency.

Gothandaraman, V, et al., (2011). Presents enhanced modeling of Solar Photovoltaic (SPV)
arrays The GA approach is used to extract the greatest power from the SPV source. The ideal
power and concomitant values of voltage, temperature, and irradiance levels for various
insolation levels were employed to train the ANN. Then, for any environmental changes, a GA-
based offline learning ANN is utilized to provide the reference voltage comparable to the peak
power. The proposed method has been evaluated in a variety of scenarios, with error percentages
ranging from 0.05% to 4.46%. This mistake can be decreased by increasing the quantity of data
available for ANN training.

Ouali and Salah (2011) introduced and investigated two innovative MPPT algorithms, the first
based on the FLC and the second on the ANN. FLC and ANN that change over time can be used
to simulate nonlinear dynamical complex systems. The recommended FLC and ANN methods
entail commanding a DC-DC boost inverter to instantaneously compute the MPPT from
meteorological information such as PV cell temperature and sun insolation. Additionally, these
two MPPT give a simplified solution at a low cost of deployment. Based on the results, the
MPPT controller used FLC to provide more power than the ANN controller.

According to Badamchizadeh, et al. (2012), this paper demonstrates how a NN is utilized to track
the greatest point of power. The error backpropagation technique is used to train a neural

4



network. The benefits of employing a neural network include It can precisely and rapidly track
the MPP. In this technique, a neural network is used to determine the maximum power point
reference voltage under varied atmospheric conditions. The MPP may be tracked by
appropriately regulating the DC-DC boost converter, and simulation results were obtained using
Matlab/Simulink to validate theory analysis.

Pikutis, et al. (2012) investigated the use of artificial neural networks in solar panel MPPT. It has
been emphasized the usage of an online learning ANN to enhance the MPPT technique for PV
panels. After creating a mathematical model of the system, the MPPT is implemented using the
Matlab/Simulink framework and the IC method and the radial basis function ANN. The
estimation of system performance was based on a variety of criteria; all of these studies indicated
that ANN may improve overall system efficiency by 10%. ANN also minimizes variance in
power output (P) while enhancing MPPT responsiveness and robustness. With trained ANN,
MPPT efficiency may be improved by up to 99%.

Silvestre, et al. (2012) established a new way for examining the key components of a grid-
connected PV system using modeling and simulation in this research. The results of the
simulations, which were based on an evaluation of the major PV module features, showed that
the PV module's supplied model properly represents the I-V characteristic. The full system
simulation, which contains the PV generator, single-phase phase inverter, and inverter modeling,
is an excellent alternative for analyzing the energy production of the entire plant that is
connected to the utility grid.

Jamasb, et al. (2013), Several MPPT methods were investigated in this article, and their benefits
and disadvantages were compared using simulations. These strategies have been classified into
three categories: hybrid, online, and offline. Several MPPT methods are compared in terms of
the PV system's dynamic responsiveness, attainable efficiency, and implementation variables
using simulations on the Matlab/Simulink platform. As implementation factors, the relative ease
of implementation, costs, and hardware requirements were investigated. Under nearly equal
structures, hybrid approaches outperform. The findings reveal that design choices impact both
system performance and dynamic responsiveness.

Albarbar, et al. (2014) created a smart grid-connected solar power model using temperature and
irradiance as inputs and power as output under various situations. Matlab/Simulink software was
used to implement the model. Based on MPPT implementation, an ANN approach is applied to
maximize the produced power. The suggested model's dynamic behavior is investigated under
various operating situations. The suggested model and its control method provide an appropriate
instrument for optimizing smart grid performance.

Shahid and Singh (2016) proposed ANN and FLC approaches for single ended primary inductor
converters in this research report. There has been a wide variety of irradiation levels used.
Explored, such as continuous, slow, and fast shifting, which contributes to the uniqueness of



their work. Maximum power tracking techniques were evaluated for accuracy based on the time
it takes to trace the MPP and other important characteristics such as stability, efficiency,
fluctuations, settling time, and voltage and power overshoot before reaching MPP. This
experiment shows that when using ANN, the system's reaction is superior to FLC because it is
faster and more accurate in monitoring MPP, but it has higher voltage and duty cycle
overshooting when the irradiation level varies. The ANN technology is 99.86% efficient and
delivers 98.93 KW of power energy to the grid, whereas the FLC technology is 95.48% efficient
and delivers 94.47 KW of power electricity to the system.

In order to improve the efficiency of PV panels, El-khattam, et al. (2018) propose a FLC-based
MPPT algorithm. Under partial shading conditions (PSC), the authors want to give the maximum
amount of energy to the load. As a consequence, it has been discovered that the suggested
technique fast achieves global MPP under PSC and has little output power fluctuation stand-
alone PV systems are those that employ PV panels to satisfy the end user's power demands
without being linked to an external network.

Rahman and Islam (2019) suggested a hybrid strategy that used ANN and P&O techniques.
Photovoltaic (PV) current and voltage readings are utilized as input data for ANN and P&O.
Depending on the scenario, a controller picks the output of an ANN or P&O and applies it to the
input of a PI controller. The appropriate control signal is generated using PI.

Giindogdu and Celikel (2020) suggest an MPPT method based on an Artificial Neural Network
(ANN) to maximize the efficiency of PV panels. The suggested PSC approach is compared to the
INC and P&O algorithms. In MPP tracking, it is discovered that the ANN-based MPPT approach
is better the other two techniques. Furthermore, among the algorithms used, the ANN-based
MPPT algorithms are shown to be the most efficient.

According to Leow, et al., (2020), photovoltaic panels are strongly impacted by changes in solar
irradiance and temperatures, resulting in the generation of unstable energy that can't be provided
directly to the batteries or the load. As a result, the author proposes that a DC-DC boost
converter founded on the PID controller unit be utilized for controlling the work cycle. A 12-volt
battery is charged using a boost converter. The findings of the boost transformer simulation
revealed that the transformer regulates the current and voltage moving to charge the battery, as
well as protecting the battery from harm and extending its life.

Abdelwahab, et al. (2020) introduced the Maximum Power Point Tracking MPPT technologies,
which depends on the modified perturbation and observation (MP&O) approach and is designed
to be utilized in solar energy systems to harvest the greatest energy from them under various
irradiance and temperatures conditions. The photovoltaic system was simulated in the
MATLAB/Simulink environment with an entire circuit design of the MP&O-based charge
controller, and the simulation results were compared to the results of traditional methods (P&O,
IC). Whereas outcomes rapidly demonstrated the superiority of the old MP&O algorithm under



various irradiance and temperatures conditions, the suggested technique gives excellent
performance and improves the system's efficiency from 94% to 98%.

Meng, X et al., (2020) examined the MPP current and voltage estimation performance of
classical ANN and Bayesian-ANN systems. They also looked at the MPPT performances.
(Farhat, et al., 2013) computed MPP in the Multilayer Perceptron (MLP) model using PV
radiation and temperature measurements.

A hybrid approach for the P&O approach was presented in (Jiang, et al., 2021). ANN takes
radiation and temperature measurements as input data and calculates the voltage value (Vmpp) at
the MPP point as output in this approach. The ANN output is then used as an input by the PI
controller. Whereas Pl generates the reference voltage (Vrer) for the classic P&O approach.

Nasser, et al. (2021) develop and simulate a simple, low-cost MPP tracker. The suggested
technique is based on disrupting PV power to get the best MPP in different temperature and
irradiance condition. The relationship between the PV panel's perceived input resistance, load
resistance, and duty cycle is obtained by mathematically evaluating the fly back converter. The
equivalent input resistance was modified as a result of the duty adjustment, and the MPP was
obtained. Changes in PV power cause the duty cycle to be changed. PSIM software is used to
build and simulate the proposed approach, and the MPP tracker is produced instantly using basic
C-block code. In the end, within fast changes in environmental conditions, the proposed tracker
is successful in collecting the MPP with minor ripple resolution.

Mohamed, et al. (2021) provided that in order to enhance the efficiency of the photovoltaic
system and improve the generating capacity of the system, which is dependent on the amount of
solar irradiation and temperatures, the authors used conventional approaches in MPPT
technology, in which they utilized two approaches, the P&O and the IC, in addition to the utilize
of approaches based on artificial intelligence, such as the MPPT approaches based on the unit
FLC. The three approaches were simulated in Matlab/Simulink and the outcomes have been
compared to figure out which approaches are optimal for improving efficiency under changing
environmental conditions.

Rodriguez, et al. (2021) demonstrated the desire for solar energy has expanded, particularly in
the past few years, due to the simplicity of collecting it, and it is an energy that does not run out
and is accessible on most days of the year, but its difficulty is its level of efficiency. Is the most
significant impediment, and it has become the main objective of most academics' efforts to
identify ways to improve the efficiency of solar systems. In order to get the most energy out of
the solar panels. This approach utilizes a number of algorithms. The study also focused at the
ANN approach, in which the speed and accuracy of MPP tracking are affected by the kind of the
algorithm utilized in the hidden layer and the quality of its learning. According to the study, the
use of ANN-based MPPT technology results in average efficiency of up to 98% in identical
conditions, high convergence velocity, and decreased oscillations around the MPP.



Roy, et al., (2021) attempted to identify VMPP by feeding radiation and temperature into an
ANN. The difference between the ANN output and the PV instantaneous voltage was then
calculated and used to calculate the error value. The control signal for MPPT is obtained by
feeding this error value into a PID controller.

Ali, et. (2021) presented and evaluated a hybrid technique that included Metaheuristic, Fuzzy-
Logic, and ANN methodologies on a Grid-Connected Photovoltaic system. Another research
evaluated the MPP estimation performances of ANN and FLC algorithms. The Genetic
Algorithm (GA), Particle Swarm Optimization (PSO), and Imperial Competitive Algorithm
(ICA) techniques are used to optimize ANN weights (Fathi and Parian, 2021).

Meng, X, et al., (2021) discovered a preliminary MPP value using ANN. They presented an
adaptive P&O approach for partial and complete cloud scenarios. Instead of ANN, a similar
investigation was conducted utilizing the Adaptive Neuro-Fuzzy Inference System (Ahmed, et
al., 2022).



3. MATERIAL AND METHOD
3.1 Material

3.1.1 PV cell and PV array

PV cells may directly generate electrical energy from sunlight. Under the photovoltaic effect
(Patel, 2006). PV cells are constructed from two semiconductor layers, positive layer and
negative layer Sunlight energy is derived from photons, which are little particles Figure (3.1).
Photons travel through and are absorbed by the solar cell when a photovoltaic cell is exposed to
sunlight. In the closed circuit, the produced electrons create electrical current, which has an
electrical voltage on the load. Typically, one cell's current is (28-35 mA) and its voltage is
approximately (0.5-0.6 V). (Onar and Khaligh ,2019).

electron flow
Light »

N contact

pEeo| L8l

P contact

Figure 3.1. The work principle of photovoltaic cell.

To generate the required voltage and power, cells are connected in series and parallel. (Hoffmann
and Goetzberger, 2005). Increase the number of series cells connected to increase the output
voltage Figure (3.2 (b)). When solar cells are connected, each cell receives the same current. The

sum of the voltages from each cell makes up the total voltage, and the overall output voltage can
be determined as follows:

Vout = Vl + V2 + V3 ...... ‘/Tl (31)

The equation can be rewritten as follows because the voltages of the cells are equal:

Vout = V * N (3.2)



Where:
/Ns is series connected cells in array.
Vis a PV voltage

Increase the parallel-connected cell's output current to increase power output Figure (3.2 (a)).
Since the voltage between every cell is the same, the complete current equivalents the amount of
all cell flows, and the total output current is determined as follows:

Iout = 11 + 12 + 13 ...... ITl. (33)

Since the cells

Ioye =1 * Np (3.4)
Where:

M, is parallel connected cells in array.
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Figure 3.2. Solar cell connection. (a) Cell connected in parallel. (b) Cell connected in series.
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Figure 3.3: The impact of cell addition on I-V curves. (a) paralel cell. (b) series cell. (Bindner, et
al. 2001).
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PV solar cells can be classified into three forms: solar cells, which are single photovoltaic (PV)
cells that convert light into energy in a single unit. Module photovoltaic (PV) is a board with a
number of parallel and series-connected solar cells. PV system connections of PV modules in
series and parallel are known as a PV array.

i |II|I||I |IIII| |||ili|i
Cell I
. ¥
Module !
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i

Array

——

Figure 3.4. Different form of the PV units.
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3.1.1.1 PV cell equivalent circuit

The analogous circuits of PV cells can be thought of as p-n semiconductor junctions. Direct
current (DC) is produced by the terminal when the cell is exposed to sunlight. Solar irradiation,
temperature, and load current all have an effect on produced current (Ibrahim, et al., 2013).
Figure (3.5) illustrates the cell's equivalent electrical circuit. Furthermore, the following
equations represent the output current characteristic:

Rs I

O
Figure 3.5. A single PV cell's electrical equivalent circuit.
Voo tIpv*Rs Vo + L, * R
Ly = L — I * [e( T _ 1] _ (w) (3.5)
Rsh
Iph = I + Kq * (Tak - rk) * G (3.6)
T\ aEg\ (1 _ 1
[0 = IT'S * (Lk) * e[(A*K) (Tak Trk)] (37)
Trk
I
Iys = (3.8)

(q (Voc'Hpv*Rs)
e\ AxKxTgy -1

The current equation becomes as follows for large arrays of series and parallel connected cells:

N
(Q(va"'lpv*Rs _1) va N_S + Ipv * RS
I = Iy, * Np — Iy * Np x| e\Ns*AK:Tap z R

(3.9)
p
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3.1.1.2 Characteristic of the PV cell output

The ratio between current and voltage is expressed as a curve and is used to determine the
properties of a PV cell. If the cell's terminal is connected to a variable resistance R, the Current-
Voltage (I-V) characteristic determines the operating point in the load. Figure (3.6). The load
characteristic can be represented using a straight line with a slope of 1/R. The amount of power
delivered to the load is determined only by the resistance value. As a result, when the load at R is
low, the cell runs as a constant current nearly equal to the cell's Isc in the region of the curve
between M and N. Moreover, when the load at R is high, the cell will run in the area of the curve
between P and S, where it operates as a constant voltage source with a value close t0 Vo
(Bindner, et al., 2001).

The I-V and P-V curves of a PV cell have the shape illustrated in Figure (3.6), and power is
generated for a given radiation intensity. (Fujita and pelc, 2002).

Current

Yeniin vV
Voltage PP e

Figure 3.6. Power curves (I-V).

Real PV cells may be described by the fundamental characteristics indicated in the above
figure (Bindner, et al., 2001).
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Short-circuit current (lsc). Is the current passing into the solar cell when the voltage in the solar
cell is zero. Open circuit voltage (Voc) the voltage that passes through the diode when no load is
applied is proportional to the cell. Maximum power (Pmpp) maximum power received by the load
when the cell is operating at point P (lmep, Vmpp) Where the power dissipated by the load is
maximum:

Pypp = Iupp * Vupp (3.10)

Maximum power operating current (IMPP) The current is generated when the cell reaches the
MPP point on the I-V curve. Maximum power operating voltage (VMPP) The voltage is
generated when the cell reaches the MPP point on the I-V curve.

3.1.1.3 Cell efficiency
A PV cell's efficiency conversion is a significant feature. The cell output power to radiation
power received ratio is:

Iypp * Vypp  FF * Ic % V.
= = 3.11

Where Fill Factor (FF) is the product of Isc and Voc and the distributional ratio of MPP to load
(Bindner, et al., 2001). Typically, its value is more than 0.7. The format of the FF is as follows:

_ Iypp * Vipp

FF = (3.12)
‘/OC * ISC

Cell’s efficiency is determined under standard test conditions (STC) of T = 25 °C, G = 1000
kw/m?.
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3.1.1.4 Affection of Temperature and Irradiance on PV output

A PV solar cell's output power is determined by changes in operation G and T. Figure (3.7). The
Isc and Voc of the solar cell rise as the amount of sunlight increases. From Equation (3.6) Iph has
an approximately linear relationship with G. When the temperature rises, the Vo falls and the Is
rises (Onar and Khaligh, 2009). Figure (3.7) depicts the effect of altering G and T on cell

SC

«
Tempreture

properties.
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Figure 3.7. Radiation and temperature effects on cell I-V characteristics. a) Radiation effects. (b)

Temperature effects. (Onar and Khaligh, 2009).

3.1.1.5 PV system’s forms

One of the following forms is possible for a photovoltaic PV system:

Off-grid or stand-alone systems have no connection to the grid network and are typically utilized
in remote areas. They have several uses such as house lighting, camping, washing machine and
so on. The grid- connected system type does not require batteries to operate at night from the
grid network because it is directly connected to the power grid. When there is no power
available, the battery works as a backup supply in the hybrid system.
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3.1.2 Boost DC-DC converter

Two applications for boost converter functioning are the regenerative braking circuit of DC
motors and controlled DC power sources. With this type of converter, the output voltage is
always larger than the input voltage. Since the output voltage of MPPT systems must be greater
than the input voltage, the step-up converter can be used in those systems. For example, in a
grid-connected system, the boost converter remains a high output voltage even when the PV
array voltage falls to low levels.

i D

a B E
P L pwm

Figure 3.8 Boost DC-DC converter circuit.

The diode becomes opposite based when the switch (S) is energized. As a result of the linear
increase in the inductor's current caused by the input voltage source, the output stage is separated
and the capacitor is partially drained, providing the current load. When the switch is switched off
during the second period, the diode conducts, and the output stage receives energy from the
inductor and input source. In continuous conduction mode, when the inductor current flows
constantly (Mohan and Undeland, 2007), the inductor current waveform is shown in Figure (3.9).

To provide the electricity generated by the PV array to the load, a two-stage power electronics
system consisting of a step-up DC/DC converter and an inverter is utilized. To keep the load
voltage constant, a DC-DC boost converter is employed between the PV array and the inverter.
A DC-DC converter is an essential part of an MPPT system. They are often used in DC power
supplies to transform uncontrolled DC inputs into controlled DC outputs at specified voltage and
current rates. A three-phase sine wave six step inverter receives the voltage provided by the DC-
DC converter, and a three-phase fixed amplitude and fixed frequency supply is produced to feed
an inverter as input. When the converter is operating at steady-state, the duty cycle (D) can be
calculated via Equation (3.13) (Mohan and Undeland, 2007).

D=1- Vd—min

(3.13)

out
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Where (D) represent the duty cycle ratio, (n) represent the efficiency, (Va) represent the
converter input voltage and (Vout) represent the converter output voltage. According to equation
(3.13), increasing the duty cycle ratio (D) increases the value of the output voltage, Vout.
Furthermore, changes in the duty cycle ratio affect the converter's input and output current.

Figure.3.9 DC-DC boost converter inductor current and voltage waveforms in continuous

current. (Mohan and Undeland, 2007).

The following equations may be used to determine the filter inductor and capacitor needed to run
the converter in continuous conduction mode.

L= Va D
ALL
I

C=—2
AV,f,

(3.14)

(3.15)

Where fs represent the switching frequency, lin represent the input current and I, represent the
output current, AV, is the peak-to-peak ripple voltage at the output, Al; change in inductor

current.
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3.1.3 Grid connected PV system

Grid connected PV system recently have become most used in industrial region. To find out, we
must first discover an effective MPPT technique that produces more power when combined. The
general framework of a grid-connected PV system is depicted in Figure (3.10). PV cells, which
are also a source of electricity or a producer of light energy, are layered in series or parallel to
optimize the benefit of solar radiation. Another component that is primarily regulated during
MPPT control unit connection is the DC-DC converter. (Souba et al,. 2016). With this device,
the switches function as a tracker to conserve energy to the fullest extent feasible under all
operating situations. The three-phase DC-AC bridge inverter circuit is connected to the grid
through a typical step-up transformer (Kassmi, et al., 2019).

PV array

—
to inverter
—_—>

PWM pulses

)=

nput layer hadden Layer output uyw

ANN MPPT controller

Figure 3.10. Block diagram of Grid-connected PV system.

PV panel modeling, DC-DC converter, and algorithm are the most important variables to
consider while designing an MPPT controller.
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3.2 Methods

3.2.1 Maximum Power Point Tracking (MPPT)

Solar energy is converted into electrical electricity. It is transformed dependent on the
conversion's efficiency. When a solar module achieves the maximum power production, its
conversion efficiency is high (Huang, 2011).

Nevertheless, the power point is influenced by temperature and solar insolation uncertainty. As
illustrated in Figure (3.11), this results in a changing I-V curve.

oMPP

=

Voltage (V)

Temperature increasing

Solar radiation increasing
Current (A)

Figure 3.11. MPP over the I-V curves with varying insolation and temperature. (Martins and
Coelho, 2012).

The MPP varies in response to differences in solar radiation and temperature. Consequence,
Maximum Power Point Tracking methods are required to automatically establish the MPP as the
operating point for a wide range of inputs temperature and irradiance (Saravana, et al., 2014).

An MPPT device, as seen in Figure (3.12), is essentially a DC-DC converter that connects solar
modules to a load that is regulated by a tracking algorithm.
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Figure 3.12. A DC-DC converter and tracking controller from an MPPT structure.

MPPT research is based on two important approaches: maximum power point tracking and
power converter topology optimization. A power converter configuration is a way for identifying
a suitable DC-DC converter for MPPT operation. The MPPT algorithm, on the other hand, is

used to control the DC-DC converter (Zaki, et al., 2012).

Ultimately, a dynamic MPPT system is developed by combining an effective DC-DC converter

with an acceptable tracking algorithm (Mathew and Vinay, 2014).
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3.2.2 Tracking Algorithm

3.2.2.1 Perturb and Observe (P&O)

Perturb and Observe is the most common and easiest MPPT approach. While Hill Climbing used
duty cycle as a control variable, P&O used the voltage of the PV panels. This is the major
difference between P&O and Hill climbing. (Bohorquez, et al., (2010). Shujaee, et al., (2012).
Chapman, and Esram (2007). Pradhan and Subudhi, (2012). In the original Perturb and Observe
approach, there is a small but steady disturbance in the reference voltage of the PV module, then
subtracted from the operating voltage and the determined error is passed through PI. A
comparator compares the Pl output to the carrier signal, therefore a pulse width modulation
(PWM) signal is generated. Assume the PV panel's voltage is raised and the output power is
calculated. The voltage rises in the same manner as the panel's output power. The direction is
totally reversed if the output power falls. The purpose is to force the operating voltage towards
Vmpp, the operational voltage varies between positive and negative increments, and the output
voltage oscillates around Vmpp. (Lazaro, et al., (2006). Powers and Sullivan, (1993). Bhatanger
and Nema,(2013) The P&O algorithm flowchart in Figure (3.13) clearly shows this loop.
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Figure 3.13. Perturb and Observe algorithm flowchart.

The P&O MPPT technique has a number of issues that significantly affect the PV system's
output power. The perturbation size is one of them, limiting the speed of convergence and
determining the amplitude of oscillations around the Vmpp. It cannot be positioned correctly on
Vmpp (Veerachary, (2008). Lazaro, et al., (2006). Adaptive perturbation size strategies have been
proposed as a solution to this problem in the literature. (Vitelli, et al., (2004). Massoud, et al.,
(2011).
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Figure 3.14. P&O algorithm unpredictable behavior under changeable atmospheric conditions.
(Bohorquez, et al., 2010).

As can be seen in Figure (3.14), this method does not give the correct perturbation direction even
when atmospheric conditions change rapidly, when the operational point varies from the Vimpp
point. Nonetheless, simplicity, the absence of PV panel characteristics, and ease of installation
might be characterized as positives (Bhatanger and Nema, (2013). Bohorquez, et al., (2010).
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3.2.2.2 Incremental Conductance (I1C)

Basically, the Incremental Conductance approach relies on the fact that the derivative of
the power of the solar panel with voltages as seen in Equation (3.15). (Mekhilef and Safari,
2011).

dP_O

av
dUV)—1+VdI~1+VAI 3.16
av av — AV (3.16)

The following is an explanation of Equation (3.16):
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Figure 3.15. PV panel operating voltage state. (Mekhilef and Safari, 2011).

The Incremental Conductance approach reduces fluctuation in operating voltage
around MPP, one of the P&O algorithm's most significant difficulties. As previously stated,
when the operating voltage approaches the Maximum Power Point (MPP), when d = 0, the
algorithm recognizes this and the voltage rise stops. (Bhatanger and Nema, 2013). Until the
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atmospheric conditions change, the PV panel continues running as illustrated in Figure (3.15).
(Chapman and Esram, (2007). Osakada, et al., (1995).
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Figure 3.16. Incremental Conductance algorithm flowchart.

The rate of increment size is a significant problem in the Perturb and Observe approach. Since
the convergence speed is mostly determined by this parameter (Osakada, et al., (1995). Zhao and
Eltawil, (2013). The variable step-size INC approach is used to manage this scenario. Depending
on where the operating voltage is, the step size varies. (Guerrero, et al., (2011). Bennett, et al.,
(2013). In terms of tracking speed, tracking accuracy, and efficiency, the INC approach
outperforms the P&O method. Additionally, the INC technique produces more efficient results
under partial shading conditions. The INC MPPT approach, on the other hand, is more
sophisticated, and its performance in real applications is impacted by noise and errors in
measured control values. (Mekhilef and Safari, 2011).
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3.2.2.3 Artificial Neural Networks (ANNSs)

Artificial Neural Networks are networks that comprising a massive parallel network of neurons
that mimic the organic neural network of the human system. It can do a variety of tasks in a
relatively short period of time, especially when compared to today's high-speed computers. The
behavior of networks is commonly applied in modeling complicated interactions between linear
and nonlinear systems' inputs and outputs, as well as in data mapping.

Three-layer network restriction can be as follows:

> Input layer: it consists nodes representing input characteristics. The hidden layer has
connections to all other nodes. During the training process, the connections' weightiness
will change.

> Hidden layer: After combining each input node's multiplication with connected weights,
the activation function is used to calculate the hidden node's output. Typical functions
include sigmoid, ramp, and threshold.

» Output layer: To obtain the output, the same procedure as in the hidden layer is applied.
Figure (3.17) shows network three layers.

There are several network structures (Hagan, et al., 2014). Multi-layer feed forward networks are
the neural network structure type utilized to develop MPPT controllers. In the input layer, the
inputs to the MPPT controller are typically two-node PV provided parameters such as radiation
and temperature, whereas the output layer is made up of single output nodes. As output
resolution, the controller estimates the adapter operating duty cycle by analyzing these inputs. As
the activation function for each node, the sigmoid function is commonly employed. Before being
used in the system, ANN must be trained off-line. Figure (3.17) shows a three-layer network. In
the neural network, the input layer (i) is comprised of two nodes that correspond to the input
variables (x1, X2). The hidden layer (j) consists of three nodes, while the output layer (y) includes
a singular neuron within the hidden layer, neurons connect to previous neurons. (Hagan, et al.,
2014).
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Figure 3.17. Feed forward network three layer of multi-layer. (Hagan, et al., 2014).

Output of the network may be estimated using the following formula:

First determine 4, 42 and hs

hi=n *W(/I, l}) + .0 *W(/é, l}) +b; (317)
h:=x *W (5, &) + 2 *W (5, ) + b (3.18)
s=a1 *W (5, )+ xW (5 2) + 53 (3.19)

W(j,i) represents the weights of connections between the input node (i) and the hidden neuron (j).
The bias parameters, represented as b1, b2, bs, and ba, are usually set as constant values of one.
The output of the hidden layer node is determined by using an activate function (f). As the
transfer function, the sigmoid function is widely used. (Hagan, et al., 2014).

Vi = f(hi) (3.20)
Vo = f(h2) (3.21)
Vi =f (hs) (3.22)

Compute the sum of the hidden neuron outputs multiplied by their weights:
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SH=VL #W (71, ) + V2 *W (2, ) + V3 *W (3, ) + & (3.23)
y= /(o +wW(i, p) + 22 *W(2,0) + 25 *W(3,0) + by) = /T8 (3.24)
The network's output (y) can then be generated by applying the activation function to (s).
Whereas

W(j,y): weight associations between node j and output node y.

f1, f2, f3, and fs: The sigmoid function is commonly used in transfer functions and has the
following form:

=f <SO B 1_—6_50) (3.25)

When the training approach is applied to the network, all weights become adjustable parameters.
Throughout the training phase, all weights will be modified until a perfect match of input and
output forms from the training data set is produced based on the specified minimal errors.
(Hagan, et al., 2014).

3.2.3PID controller

PID controllers are a sort of control loop feedback mechanism that is extensively employed in
industrial control systems. The difference among the desired set point and the measured process
parameter is represented by the error value. The PID controller aims to minimize error by
applying a control value to controlled process. The control value produce via PID controller in
time domain is as follows:

t de(t)
u(t) = Kye(t) + Kij e(t)dt + K, It
0

(3.26)

The PID controller's Laplace domain transfer function is given in Equation (3.27), and the U
control sign achieved with the PID controller is displayed in Equation (3.28).

K.
Cop(s) =K, + ?l + K s (3.27)
K;
Upin(s) = B(s) [Ky + =+ de] (3.28)
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In Equation (3.27), the standard PID statement comprises proportional, integral, and derivative
operators. K, denotes proportional gain, K; denotes integral gain, and Kq denotes derivative gain. E
is the error signal in the control signal Upip created by the PID controller given in Equation (3.28).

Figure (3.10) below shows the closed loop PID control block diagram in Laplace domain.
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Figure 3.18. Block diagram of a PID controller.

As seen in Figure (3.18), it applies a control signal to the controlled system according to the error
signal at the PID controller input. The error sign will be zero when the controlled system output
variable reaches the reference value. According to the dynamic behavior of the controlled
system, PID controller, P, P1, PD forms are also used.
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4. PROPOSED METHOD, RESULTS AND DISCUSSION

In the sections so far, the methods and materials that form the basis of the study are explained. In
this section, the method proposed in the thesis study and the results obtained are presented in
detail.

Detailed information for PV panels is presented in the above sections. As can be clearly seen
from here, the electrical power to be obtained from PV panels directly depends on the solar
radiation reaching the panel and the PV panel temperature. In changing radiation and
temperature conditions, the MPP point is constantly changing and keeping the PV panel output at
the MPP point in each new situation is very important for PV system efficiency. As mentioned in
the previous sections, the process of finding and holding the MPP point for the PV panel output
power is known as MPPT, and P&O and IC methods are the two most used methods in the
literature. In the algorithms of traditional P&O and IC methods, the duty change ratio is constant.
This constant duty change rate causes oscillations in the PV output power around the MPP. In
this thesis, a method based on changing the fixed value duty ratio in traditional P&O and IC
methods is proposed. Thus, it is aimed to improve the performance of traditional P&O and IC
methods.

In the proposed method, an ANN was used to estimate the true MPP value in the study. The MPP
value estimated by the ANN is used as the reference value for the PID controller. The difference
between the ANN prediction and the instantaneous PV panel output is considered as the error
value for the PID controller. With the PID controller, it is ensured that the PV panel output of the
PID controller is kept around the MPP in any case under changing solar radiation and changing
temperature conditions.

The proposed method has been tested with simulation studies in Matlab/Simulink environment.
An existing sample Simulink model provided by Matwoks, Matlab Help Center is used. This
example includes a 330 kW PV system connected to the grid. There is a step-up DC-DC
converter and a 3-phase inverter connected in series to this PV system. The inverter feeds a grid.
Details of the experimental setup are presented in the following sections.

The processing steps followed in the study are as follows:

e First of all, MPP points of the PV panel array were determined for different solar
radiation and different PV temperatures. A data set was prepared by taking
different radiation and temperature values as input parameters and PV output
MPP values corresponding to these input parameters as output parameters.
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e ANN trainings were carried out using the data set prepared in the second stage. A
two-layer ANN structure is preferred.

e In the third step, it is tested whether the trained ANN accurately captures the real
MPP values for different irradiance and temperature values.

e In the fourth stage, the PID controller parameters determination (PID tuning)
process was carried out to make the difference between the ANN response and the
PV output power zero for a constant irradiance and temperature value.

e Finally, the proposed method for different radiation and temperature conditions is
compared with traditional P&O and traditional IC MPPT methods, and the results
are presented.

4.1. ANN for the proposed method

ANNs are units formed by software or hardware that are based on the modeling of neurons in
animals and humans. Artificial neurons are the smallest unit of ANNSs. The artificial neuron is
made up of inputs, a cell body, parameters that connect the inputs to the cell body, between cells
parameters, and an output unit. Input variables to a neuron are multiplied by parameters, and the
total of the products is then sent via an activation function. The process of activation is expected
to take place within the cell body.

Equation (4.1) represents the output of an artificial neuron.
n
j—1

Equation (4.2) represents the parameters update.

wn) =wn—-1) + Aw(n) (4.2)

In (4.1), o stands for cell output, x stands for input variable, and b stands for bias. The activation
function is represented by (f). Parameters are represented by w in Equations (4.1) and (4.2). w
represents the number of parameters change in Equation (4.2), and this formula is discovered
using a learning method.

A limited number of neurons combine to produce an ANN. An ANN architecture can be
constructed with either a single layer or multiple layers. Artificial neural networks (ANN) have
the capability to develop and generalize. The majority of learning is accomplished by updating
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the ANN parameters. Several learning algorithms have been created in the literature for the
updating of weights, i.e. for the learning process. There are three types of learning algorithms:
supervised, unsupervised, and reinforcement. An additional benefit of ANNs is their ability to
handle incoming data in parallel due to their parallel nature. This allows for the teaching of quick
reactions.

ANN design and learning techniques may be customized for each application. The two-layer
ANN design was selected for this research. Figure (4.1) depicts the applied structure off ANN.

W11

Irradiation { W2 :
—— 1 \ z 5
| WA
AN, s o_.
Temperature ‘ /
—> 2 : ' )
' Wy 4
W10 1
Input layer Output layer

Hidden layer

Figure 4.1. Single-layer ANN model in the study.

Each hidden layer has ten cells. The learning algorithm was the Levenberg-Marquardt (LM)
technique, the tangent sigmoid activation function was utilized in the cells in the hidden layers, and
the Purlin activation function was used in the output layer. Equation (4.3) performs the LM
technique. w is the weight vector, | is the unit matrix, u is the learning parameter, and J is the
Jacobian matrix representing the output error in Equation (4.3).

wn)=wn—-1) — (]17; n Tt .unl)_llzlen (4.3)
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Nonlinear problems, curve fitting, estimation, and prediction are all common applications for
ANN:Ss. In this paper, ANN is applied to estimate the MPP value of a PV array provided radiation
and temperature conditions. Figure (4.2) illustrates the proposed approach in the research.

Voltage S
Current calculation
Py = error signal
ARRAY T
ICLUSE 1  ANN based J
Ir MPPT Estimation

Figure 4.2. MPPT control structure proposed in the study.

The ANN's parameters in Figure (4.2) are solar radiation and PV temperature. As a result, the
ANN will be able to determine the maximum power required from the PV array for each irradiance
and temperature value. The maximum power value discovered by the ANN for each condition is
utilized as a reference value throughout the research. An error (e) value is calculated by taking the
difference between the MPP value estimated by the ANN and the instantaneous power of the PV
array. The error value is tried to be reduced to zero by using the PID controller. The control signal
obtained with PID is used as the duty change ratio in conventional P&O and conventional IC
MPPT methods. A variable duty change ratio is obtained for each new radiation and temperature.
Thus, as the MPP point is approached, the duty change ratio is reduced and the oscillation ratio in
the PV output power is also reduced.

As in all other control applications, PID controller parameters K,, Ki and Kg values must be
determined in order to obtain an effective performance. This topic is explained in the next section.

4.2. PID controller design

PID controller design (tuning) refers to the process of finding the PID controller's Kp, Ki, and Kg
gain coefficients. For PID tuning, several analytical, soft computing, and metaheuristic
approaches are proposed in the literature. Metaheuristic algorithms are inspired by the natural
behavior of animals who collaborate to solve food and defensive problems. Metaheuristic
algorithms include the Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Artificial
Bee Colony (ABC), and Ant Colony Optimization (ACO). Swarm intelligence supports PSO,
ACO, and ABC. GA is focused on growth. GA does not require knowledge of the system's
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mathematical model, just input-output data is required. As a result, it is a popular way for dealing
with difficult situations. It can deal with significant parameter uncertainty. Another benefit of
GA is that, while it’s computing time is comparable to that of the PSO method, it is twice as
quick as the ABC algorithm (Bagis and Senberber, 2017).

The Genetic Algorithm (GA) was chosen for this research, allowing for practical and high-quality
outcomes. The Integral of Time-Weighted Absolute Error (ITAE) presented in Equation (4.4) is
utilized as the fitness function for GA. The value of the error in Equation (4.5), is the difference
between the MPP at 1000 W/m? irradiance, 25°C and the PV system output power. PID controller
gains were calculated by plugging this error value into Equation (4.4) and reducing it with GA
optimization. Figure (4.3) depicts the tuning of PID K, Ki, and Kq gains using the GA optimization
flowchart. Ky =1, Ki = 0.0057, and K¢ = 0.0001were achieved as a result of GA optimization.

fitness(ITAE) =jt|e(t)|dt (4.4)

1000 W/m?
Voltage Instantaneous
Power power
Current calculation
o ,Lgrror signal PID reference value
25°C [ — —
e controller
n
Kp, Ki, Kd
100.7 kW
Expected power GA
optimization

Figure 4.3. PID tuning based on GA optimization block diagram.
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Figure 4.4. Flow chart of PID tuning using the GA optimization.

4.3 Training of the ANN at different Temperature and Irradiation

The ANN's inputs are instantaneous solar radiation and PV temperature, as shown in the ANN
structure in Figure (4.1). Based on these two immediate variables, ANN calculates the
instantaneous MPP value. The high estimate accuracy is determined by the ANN's training
procedure. An adequate amount of input and output data is required for ANN training. The MPP
output value was acquired for (5105) different radiation and temperature input values in the
research, as well as the ANN training data set. The irradiance range of 0-1000 W/m? and the
temperature inducing value range of -55 degrees °C to +55 degrees °C were used when producing
the data set. Equations (4.5) and (4.6) are used to create random values in these intervals. In this
case, rand (1) is a function that creates a random value between 0 and 1.

IR = 1000 X rand(1) (4.5)
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TEMP = —55 X rand(1) + 55 X rand (1) (4.6)

This training set was used to train ANN. 3573 (%70) samples were utilized for training, 766 (%15)
samples for validation, and 766 (%15) samples for testing. Table (1) contains 20 samples from the
training set, and Figure (4.5) displays complete input-output data.

Table (1). Some training data samples.

Irradiance W/m? | Temperature °C | MPP (kW)
42.8234 -16.7092 4.4850
930.6002 16.4435 95.6983
20.9586 -18.9415 2.1601
518.2959 26.7803 51.2859
615.3479 -22.54896 69.3971
994.9164 41.3357 94.7287
395.9904 -45.9427 45.1995
667.1600 2.2690 71.1291
792.6156 11.2611 82.6053
907.9813 12.1968 94.4738
126.4463 -3.1952 13.1580
830.9913 -13.0234 92,3235
863.0336 8.0572 90.7971
718.3575 -10.0591 79.1529
188.6699 -28.1340 21.1179
782.4692 4.0493 83.1597
695.4217 20.3734 70.5170
66.6428 -44.9071 7.5016
659.3253 -4.0405 71.4705
623.9580 31.7578 61.0367
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Figure 4.5. The training data set. (a). Irradiance. (b). Temperature. (c). Maximum power point.
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Figure 4.6. ANN's training graphs. a. Performance, b. Regression.

Figure (4.6) depicts training performance and regression curves. As shown in Figure (4.6), the
training lasted 1000 epochs, and the performance value decreased to 6.27x10° as a result of the
training, while the regression value was increased to 1. Here, at the end of 1000 epochs, the train,
validation and test curves dropped to 6.27x10° together and all the data were collected on the
regression curve, showing that the performance of the training was very good.

4.4 Simulation studies

The study was carried out as a simulation study on Matlab/Simulink. The blocks used in the
study are shown in Figure 4.7. In the study, a PV array generating 100.7 kW at 1000 W/m? and
25 °C was used, using SunPower SPR-305E-WHT-D panels arranged in 5 series and 66 parallel
(330 units). The PV output is connected to a grid by a step-up DC-DC converter and a 3-phase
inverter. The PWM switching frequency of the DC-DC converter is 5 kHz, and the inverter input
voltage level is 500V. As seen in Figure (4.7), there are 5 basic block groups.
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Figure 4.7 Overall PV array Simulink model of grid-connected system. (Matwoks, Matlab Help
Center.)

In the first block group there are solar radiation and temperature signal generators, in the second
group there are ANN and P&O, IC and proposed PID MPPT controller blocks, in the third block
group there are PV array, DC-DC converter, inverter and grid connection. The fourth and fifth
groups include measurement and monitoring blocks. In Figure (4.8.a), signal generators are used to
represent different environmental conditions (radiation and temperature). The radiation and
temperature graphs obtained by using these generators in the study are presented in Figure (4.8.b).
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Figure 4.8. Different temperature and irradiance conditions. a. Generator blocks. b. Temperature

and irradiance graphs.
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Figure (4.9) shows the ANN, P&O, IC and recommended PID MPPT controller blocks. Here, the
solar radiation and temperature value, which are the two inputs of the ANN, are obtained with the
signal generators in Figure (4.8). As seen in Figure (4.9), the ANN output (named Estimated_MPP
on the PID block) goes to the proposed PID MPPT controller block. The output of the proposed
PID MPPT controller block is applied as the input parameter named "Produced_controller_sign”
to the blocks in which traditional P&O and conventional IC methods are run. Here the "
Produced_controller_sign " stands for “delta of duty”. In this case, with the proposed method, an
adaptive MPPT control structure is obtained by obtaining different duty change rates for varying
temperature and radiation values. The internal structure of the proposed PID MPPT controller
block is explained in detail in the Figure (4.9.b).
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Figure 4.9. a. ANN and MPPT controller blocks. b. Internal structure of the proposed PID MPPT
controller block.
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As seen in Figure (4.9.b), the PV array current and voltage are read by sensors and their average
values are taken. Thus, small changes are filtered out. By multiplying these two values, the
instantaneous value of the PV array is calculated. Then, the error value is obtained by taking the
difference between the MPP value estimated by the ANN and the calculated instantaneous PV
power. This error value is reduced to zero with the PID controller. The PID control output sign is
the dd sign in Figure 4.9.a. Here, the parameters k(1), k(2) and k(3) are the K,, Ki and Kq values
determined by optimization, respectively. Again here the "K" gain value is 1/10000. PV array
connected to DC-DC Boost converter, 3 phase inverter and grid-connected system are detailed
shown in the Figure (4.10).
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Figure 4.10. Grid-connected PV array. (Matwoks, Matlab Help Center.)

Figure (4.11(a)). Shown the measurements blocks for produced power, operated voltage and duty
cycle and general information about the system. Figure (4.11(b)) shown some important blocks for
the working of the system.
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Figure 4.11. Measurement blocks. (a) Power, duty cycle and operated voltage. (b) Some
important blocks for the system. (Matwoks, Matlab Help Center.)

The following pages show the simulation results based on Matlab/Simulink at varying
temperatures and irradiation conditions. The results here were obtained according to the values in
the radiation and temperature graph in Figure (4.8). The proposed method is compared with
traditional P&O and traditional 1C methods at these given values. The comparison is made in terms
of PV array output power, duty sign and PV output voltage. The results obtained are Figures
(4.12), (4.13) and (4.14).
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Figure 4.12. Comparison of conventional and suggested methods method in terms of PV power.

As seen in Figure (4.12), it is shown that the IC method makes it possible to obtain a better PV
output power than the P&O method. Also around MPP crap, there is more power fluctuation than
traditional methods, especially at low power levels. In the proposed method, the power fluctuation
rate is negligible. In addition, a significant power increase can be obtained in the P&O method
supported by the proposed method compared to the traditional P&O method.

Figure (4.13) shows the comparison of the proposed method with traditional methods in terms of
duty ratio. It can be clearly seen here that a less oscillating duty signal can be obtained with the
proposed method. This will reduce the switching frequency in the DC-DC converter and therefore
reduce the switching losses. This will also contribute to a longer lifetime of the DC-DC converter
and to reduce the harmonic generation.
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Figure 4.13. Comparison of suggested method and conventional methods in terms of duty ratio.

In Figure (4.14), the proposed method is compared with other conventional methods in terms of
output voltages of the PV array. As can be seen here, there is a serious voltage fluctuation in

conventional methods, especially in the IC method, depending on the duty ratio.
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Figure 4.14. Comparison between P&O, IC, P&O by suggested method and IC by suggested

method in terms of voltage at different temperatures and irradiances.
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The outputs of the suggested controller simulations were compared. The results show less
oscillation, more power, and better voltage as compared to the P&O and IC approaches. It

generates more power and is more precise when operating at MPP than the previously stated
technique.
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5. CONCLUSION

PV solar systems are important renewable energy sources as they do not release harmful
chemicals into the environment and are relatively endless. MPPT control approaches are utilized
to optimize the power output of PV solar systems in order to enhance their efficiency.

In this thesis, the development of an ANN and PID controller-based method for MPPT s
focused. In the proposed method, ANN uses instantaneous solar radiation and PV panel
temperature as input and finds the MPP value that should be according to these input values. The
difference between the ANN output and the instantaneous output value of the PV array is used as
the error value of the PID controller. The PID output is used as a reference value for traditional
P&O and IC methods. Thus, a reference value that changes according to varying radiation and
temperature values is obtained.

Instant solar radiation and PV panel temperature values were used for the training of ANN. The
irradiance range of 0-1000 W/m2 and the temperature inducing value range of -55 degrees °C to
+55 degrees °C were used when producing the data set. Thus, real environmental conditions were
tried to be obtained. 5105 pieces of data were used in the ANN training set. This training set was
used to train ANN. 3573 (70%) samples were utilized for training, 766 (15%) samples for
validation, and 766 (15%) samples for testing.

Genetic Algorithm (GA) was chosen to find the optimal values of the Kp, Ki and Kq parameters
of the PID controller. ITAE is used as the optimization fitness function. For error value in ITAE
fitness function, 1000 W/m? irradiance, difference between MPP and PV system output power at
25°C is used.

In the study, a 100 kW PV array was connected to the electricity grid by means of a boost DC-
DC converter and an inverter, and simulation studies were carried out for different solar radiation
and PV panel temperature values. In compared to traditional P&O and IC, the suggested
technique outperforms them in terms of output power, voltage, and duty cycle.
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