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ABSTRACT

POWER QUALITY ANALYSIS ON ISLANDING MODE AT COGENERATION
SYSTEMS

Onal Korkut, Irmak
MSc, in Electrical and Electronics Engineering
Supervisor: Asst. Prof. Dr. Hacer SEKERCI OZTURA

May 2016, 54 pages

The rate of population growth and industrialization in developing countries bring
the energy requirements. Limited and finite resources provide search of new energy
sources. Because the amount of required energy is high, the foundation of new sources

also necessiate the usage of these in an efficient and sustainable way.

Unlike other energy sources, cogeneration systems are efficient systems in terms of
thermodynamics. The plant on which measurement data is taken is a cogeneration plant at
islanding mode. The cogeneration systems convert energy to another energy form, and it is
realized without any loss in the system. Besides, in case of any problems, the system with
its feeding loads works independently form interconnected system by employing a
protection scheme called as islanding which is a kind of self protection. The system is

mostly affected by voltage /current failures when running in parallel or island mode.

In the first part of this study, the investigations are made on the cogeneration
system running at both islanding mode and grid-parallel operation. Resulting fault data
are investigated in terms of several parameters such as harmonic, voltage drop and
voltage rise. Harmonic analysis is made by using both Fourier Transform and Short
Time Fourier Transform in both islanding and grid condition cases. As voltage sag and
swells of the power quality parameters are analyzed with Wavelet Analysis, the analysis

outputs are used to form feature vectors.



In the second part of the study, the classification of power quality parameters is done.
The feature vector which will be used for classification is extracted for each energy level of
Discrete Wavelet Transform by using the statistical methods such as entropy, mean and
standard deviation. An Artificial Neural Network model is used for the classification of
power quality in order to make diagnosis of failure in power quality. Classification results

are obtained as the result of the pattern recognition process.

Keywords: Power quality, Wavelet analysis, Feature extraction, Classification,
Acrtificial neural networks, Pattern recognition



OZET

KOJENERASYON SIiSTEMINDE ADA MODUNDA CALISAN SISTEMIN GUC
KALITESI ANALIZi

Onal Korkut, Irmak
Yiiksek Lisans, Elektrik Elektronik Miihendisligi Bolimii
Tez Danismani: Yard. Dog. Dr. Hacer SEKERCI OZTURA

May1s 2016, 54 sayfa

Geligmekte olan iilkelerdeki niifus artisi ve sanayilesme orani, enerji
gereksinimlerini de beraberinde getirmektedir. Kaynaklarin kisitli ve sonlu olmasi, yeni
enerji kaynaklari arayis1 gerekmektedir. Gerekli olan enerji miktar1 yiiksek oldugundan,
yeni kaynaklarin bulunmasi, ayrica bu kaynaklarin verimli ve siirdiiriilebilir olacak

sekilde kullanilmasini da zorunlu kilmistir.

Kojenerasyon sistemleri diger enerji kaynaklardan farkli olarak termodinamik agidan
verimli bir sistemlerdir. Olgiim alman tesis, ada modunda calisan bir kojenerasyon
sistemidir. Kojenerasyon sistemleri, enerjiyi baska bir enerji formuna dénistiiriir ve bunun
sistemde herhangi bir enerji kayb1 olmadan verimli bir sekilde gerceklestirir.

Ayrica, herhangi bir problem durumunda, sistem kendi besledigi yiiklerle birlikte
kendini bir gesit koruma modunu da olan ada modu kullanarak enterkonnekte sistemden
bagimsiz ¢alisir. Sistem ada modunda ya da sebekeye paralel ¢alistiginda ¢ogu zaman

akim / gerilim degisimlerinden etkilenir.

Bu ¢aligmanin ilk kisminda kojenerasyon sisteminde ada modu ve sebekeye paralel
caligma durumunda iken incelemeler yapilmistir. Olusan ariza verileri harmonik, gerilim
diisimii ve gerilim yiikselmesi parametreleri agisindan incelenmistir. Harmonik analizi,
hem ada durumunda hem de sebekeye paralel calisma durumunda Fourier ve Kisa

Zamanl Fourier Doniigiimii kullanilarak analiz yapilmustir. Gerilim diistimleri ve



yiikselmeleri, Dalgacik Metoduyla analiz edilmis olup, analiz ¢iktilar1 Gznitelik

vektorlerini olusturmak i¢in kullanilmastir.

Calismanin ikinci kisimda ise gii¢ kalitesi parametrelerinin siniflandirmasi
yapilmistir. Siiflandirma yapabilmek i¢in gerekli olan Oznitelik vektord, Kesikli
Dalgacik Doniisiimiiniin her bir enerji seviyesi i¢in entropi, ortalama ve standart sapma
gibi istatiksel veriler kullanilarak olusturulmustur. Gii¢ kalitesi arizalarmin teshisi i¢in
siniflandirmada Yapay Sinir Ag1 modeli kullanilmstir. Oriintii tanima islemi sonucunda

dogru siniflandirma sonuglari ¢ikmustir.

Anahtar Sozciikler: Gii¢ Kalitesi, Dalgacik Analizi, Oznitelik Cikarimi, Siniflandirma,
Yapay Sinir Aglari, Oriintii tanima

Vi
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1 INTRODUCTION

1.1 Subject of the Thesis

At the last years, the structure of industry and demands of electricity have
increased rapidly. According to International Energy Agency report, energy
efficiency plays a critical role in limiting world energy demand growth to one-third
by 2040, while the global economy grows by 150%. In order to meet the challenges
of the future, to continue to maintain stable, reliable and efficient systems, new
technologies have developed. Firstly, the electric utility industry reconstructs their
structure. Today’s outlook demonstrates to emerge of number of new generation

techniques. It is also supported by government public policies (Glover et al. 2008).

One of the new generation technologies is the distributed generation (DG)
which can be described simply as a small scale generator. DG is used to provide
power for demanding customers (El-Khattam.and Salama, 2004). Generally, we can
categorize DG technologies as renewable and nonrenewable. Renewable technologies
usage is wind, solar, biomass, biogas, geothermal and ocean. Nonrenewable
technologies are internal combustion engine, combined cycle, combustion turbine,
micro turbines and fuel cell (Glover et al. 2008). DGs are classified by their
constructional and technological parts. DG type is chosen by making decision which
is more suitable in the system (El-Khattam and Salama, 2004). DGs can also be
classified according to their different types and operating technologies. Capacity of
DGs change between kW to MW.

In distribution system, distributed generation has many benefits. These can be
examined by economical and by operational point of view. In terms of economy,
distributed generations can reduce the wholesale power price by suppling power to the
grid, which leads to reduction of the demand required. Also, DGs have proper sizes to be
installed in small increments to provide the exact required customer load demand.
Besides DGs can be installed easily anywhere as modules which can be set up in a very

short time and the total capacity can be increased or decreased by adding or removing



more modules, respectively. In addition, DGs increase the system equipment,
transformers, and provide fuel savings. From the point of view of operational impact
DGs have a positive effect on the distribution system voltage profile and power
quality problems. Since DGs can reduce the distribution network power losses,
distribution loads requirements by supplying some of the distribution load demand
(El-Khattam and Salama, 2004).

The subject of this thesis is the disturbance signal detection and classification of
power quality parameters in DGs. Harmonics in the system and disturbance signal
type have an important role in power quality analysis. PQ disturbances might effect
economically customers/users of modern power industry. New power electronics
based devices can be used to mitigate these PQ disturbances. Therefore, disturbances
in power systems should be detected, classified and analyzed with certain accuracy.
The number of studies related with the applications of Wavelet Transform in these

devices has been increasing.

In this part of the study, publications which use the wavelet analysis and power
quality detected signa classification are examined. This study focusses on wavelet-
based analysis of power quality disturbances.

Assesing power quality events is the basic issue for recognition of the event
problems. In order to make detection and classification, many studies are done.
Defining the problem and understanding the causes and effects of power disturbances
have high impact on customers and individual users (Douglas, 1993). After problem
definition, many different approaches used with using WT in PQ events. PQ
disturbance data compression using Wavelet Transform methods are mentioned by
Santoso et al (1997). Also, Karimi et al (2000) studied the detection of the voltage
disturbances based on WT.

In this thesis, Db4 mother wavelet is used. In literature, mother wavelet Db4 is
observed for detection of PQ events (Lachman et al, 2010). Sushama et al (2010) are



also used Db4 wavelet for detection of PQ disturbances. Because of the flexibility of

its order, db4 is most largely applied in power quality applications.

A new method of under voltage detection is applied by Gencer et al., (2010). The
algorithm based on WT is used to detect the duration and the magnitude of the voltage
sag. For classification of disturbance signals, many features are used. In literature using
with entropy of signal in WT for disrupted signal is improved by Uyar et al. (2008) with
using Db4 for 12 levels. It performs feature extraction and classification algorithm. DWT
is the Discrete Wavelet Transform which divided the signal into detail and approximation
coefficients is used to detect instanteneous changes in the voltage signals. WT is used to
reformulate the recommended PQ and analyzing accurately nonstationary waveforms
(Morsi et al., 2010). Also S. Chen, (2005) studied feature selection for identification and
classification of power quality disturbances. Besides, Zwe-Lee Gaing et al., (2003) are
worked on wavelet-based probabilistic neural network for power disturbance recognition
and classification. S. Santoso et al. (2000) worked on power quality disturbance

waveform recognition using wavelet-based methods.

The aim of this thesis is to accurately detect the power quality parameters by
using some signal processing methods and classify them. All raw data has collected
from 2007 to 2015. Harmonic analysis is done by using Fast Fourier Transform and
Short Time Fourier Transform. Sag and swell detection is done by Wavelet
Transform. After this analysis, feature extraction is done by statistical methods. For

classification, feature vectors are used in a Neural Network-based classifer.

1.2 Context of the Thesis

A detailed literature search will be given that includes the recent studies. The
details of the materials and methods used in the thesis will be explained. For
example, to find harmonics, we used some signal processing thecniques such as Fast
Fourier Transform and Short Time Transform, and to do feature extraction statisctical
techniques are used such as energy levels, mean and variance of detailed coefficents

of wavelet transform. Applications and results are also demonstrated with graphs and

3



tables for time frequency representations with details and also necessary
formulations, analytical/simulation data and measurement results will be also given.
All results and graphical data are presented and the work planned for the future will
be discussed briefly.

This thesis is composed of 5 chapters. Chapter 2 explains the cogeneration
systems and power quality and their relationship between power systems. Chapter 3
presents the classification of power quality, based on Wavelet Analysis of
disturbance signal. Also, this chapter explains the detection of the parameters, obtain
feature vectors and then classification. Chapter 4 explains the methodology which
includes signal processing methods and classification of the signals. Chapter 5

presents conclusion and future work of the thesis.



2 COGENERATION SYSTEMS AND POWER QUALITY

2.1 Cogeneration Systems

The structure of industry and increasing of consumption electrical energy have
increased day by day. Because of expanding, power generation covered large-scale
areas and they could supply electricity to large industrial consumers at affordable
prices. For this reason, new systems are found a way to solve problems. The system
must be solved the efficiency problems and losses. Industrial plants import
cogeneration systems in their systems. But distributed generation systems are affected
by voltage quality problems. As a result of voltage quality problems, some issues
such as equipment failure or malfunctioning, equipment lifetime reduction, damage
sensitive equipment, etc. are occurred. According to the official gazette of Electricity
Market Customer Services Requlations published in 8 may 2014, the provide for the
faults emerging from abrupt voltage decreasing and increasing occurring in the places
such as plant, house is done by distribution companies. Reducing the quality
problems, is the significant issue for the system operation. Power quality features will

describe in Chapter 3.

Cogeneration which is a type of distributed energy source is the simultaneously
generation of two types of energies which are thermal energy in the form of steam
and electrical energy. Cogeneration, also known as Combined Heat and Power (CHP)
extends from 25 MW up to 500 MW.

A cogeneration installation at an industrial plant will reduce transmission
losses, and make heat available that would otherwise be lost. Because of this reason,
plants prefer cogeneration systems. The comparison of conventional plant and CHP
plant is represented in Figure 2.1. The system’s overall efficiency can reach 90%
which is useful electricity and heat operating. Basic purpose of the cogeneration

system is the energy production and achieving lower operating costs.



Conventional power plant
Wasted energy

60-70% .

Useful electricity 30-40%

Wasted energy 10%
CHP plant

Useful electricity and heat 90%

Figure 2.1 Comparison of Conventional and CHP Plant (Cogen,2016)

Cogeneration optimizes the energy supply to consumer who need steam. Since
power generation form of cogeneration is the most effective and efficient, efficiency
of energy conversion and usage are increased. Cogeneration has the important role of
lower emissions to the environment. Because of cost savings, providing
competitiveness between industrial and commercial users and offering affordable
heat for domestic users. Decentralized forms of electricity generation where plants
are installed to meet needs of customers is provided both avoiding transmission
losses and increasing flexibility of system use. Local generation, cogeneration
system, can minimize the risk of consumers has out of energy both electricity and/or
heating. In addition, the decreased necessity for fuel is concluded cogeneration

reduces import dependency (Cogen, 2016).

On the other hand, cogeneration systems have some disadvantages. Because the
technology is more expensive, first investment requires more money. Maintenance

have also been costly for CHP.

A cogeneration plant has four major elements. These are a prime mover
(engine), an electricity generator, a heat recovery system, and a control system.
Generally, in the process of the cogeneration, the fuel is used to generate electricity
and this electricity produced heat. Heat is used to boil water to produce steam
simultaneously which means that boiler turned it into thermal energy.



2.1.1 Types of Cogeneration

Cogeneration systems are classified according to the use of energy. Firstly, it is
classified as a topping or bottoming cycle. In topping cycle, electric power is
generated by the prime mover as a first function and the thermal energy emitted by
prime mover is then used for the plant. Topping cycle cogeneration is widely used in
cogeneration systems. According to working principle of combined cycle topping
system, prime mover emmited the fuel energy then it produced some of electrical
energy by used generator and some of produced thermal energy by done heat
recovery unit. In difference topping cycle, bottoming cycle where the electric power
is generated from by product steam. In bottoming cycle, the primary fules produces
high temperature thermal energy. Bottoming cycles are suitable for manufacturing
processes as furnaces because high temperature heat is necessary.

2.1.2 Islanding of Cogeneration

A mode of operation is determined by the selection on which the adjustment of
the electrical and useful thermal output of a cogeneration system. Generally, in terms
of what for used is the criteria. In simple terms, operation mode is divided into two
options. First is parallel grid mode. In parallel grid mode, distributed generation
operates but at the same time the system is fed by utility. Second mode is islanding.

In islanding mode, there is no connection with grid.

If the system mode change from parallel to island mode occurs suddenly, it can
be possible for the system to continue to supply to the load without any failure. It can
automatically/manually disconnect selected parts of the site load. If this cannot be
achieved, then the cogeneration plant will usually shut down when there is a failure

where it is in parallel mode (Tagare, 2011).

If there is a fault on the utility side, the tie line protection system separates the
cogeneration system into island mode manually / automatically. As shown in Figure

2.2, DG can create its own island and synchronize to the utility.
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Figure 2.2 Islanding of the Cogeneration Plant (Mozina,2008)

2.2 Description of Power Quality

Use of power electronic components and new technology systems are increased
within distribution system. The disadvantage of this isthat each component on the
system can be sensitive and can give failure that can cause some interruptions for end
users. Even though several developments could be in power system, the protection of
end-user’s system fall short of failures. Power quality is related to the performance of

the power system (Bollen and Gu, 2006).

2.2.1 Events and Variations

An important portion of power quality disturbances is between variations and
events. Variations are obtained in steady-state disturbances. Events are sudden

disturbances with a beginning and an ending (Bollen and Gu, 2006).

Power frequency disturbances are caused voltage sags or swell. Source or load
generated bring about faults or switching operations in a power system (Sankaran,
2002). In this thesis, sag, swell and harmonic research are done. When looked at sag
event characterstics that are short-duration reductions in the rms voltage between 0.1
and 0.9 pu and it is usually between 0.5 cycles and 1 minute. VVoltage sags are usually
caused by energization of heavy loads (e.g., arc furnace), starting of large induction
motors, single line-to-ground faults, and load transferring from one power source to
another (Funchs and Mosoum, 2008).



The increase of voltage magnitude between 1.1 and 1.8 pu is called swell. The
most accepted duration of a swell is from 0.5 cycles to 1 minute. Swells are not as
common as sags and their main causes are switching off of a large load, energizing a
capacitor bank, or voltage increase of the unfaulted phases during a single line-to-
ground fault (Funchs and Mosoum, 2008).

Power system harmonics are desciribed as waveform distortion, which introduces
harmonic frequency components. Voltage and current harmonics have undesirable effects

on power system operation and power system components DG and PQ.

PQ was defined as quantifying the performance of equipment between the
electricity grid and its customers. The interaction was further divided into voltage
quality and current quality, referring to the way where the network impacts the
customer and the way the customer impacts the network. When considering systems
with large amounts of distributed generation, power quality becomes an important

issue that requires a closer look.

DG is affected by the voltage quality in the same way as all other equipments
are affected. An important difference between distributed generation and most
industrial installations is that the incorrect tripping of the generator may pose a safety
risk like damage electronic equipment. This should be taken into consideration when

setting immunity requirements for the installations (Baggini, 2008).

PQ disturbances can affect the electrical signals which can damage equipment.
Because of this reason, detecting disturbance signal is crucial for the improvement of
power quality. Detecting signal methods can give an idea for classification of
disturbance signal (Bollen and Gu, 2006).



3 POWER QUALITY DETECTION AND CLASSIFICATION BASED
ON WAVELET ANALYSIS

3.1 Power Quality Detection Methods

It is well known that poor power quality lead to damage to the equipment.
Signal processing which is a discipline is related to analyze signals using some
techniques in order to extract useful information about signals. These methods can be
used to comprehend poor power quality signals. Fourier Transform is the one of the
techniques for detecting harmonics in signal processing. Also, STFT is the other
harmonic analysis method both time and frequency domains simultaneously. Sag and
swell representation is done by Wavelet Transform in this thesis.

3.1.1 Fourier Transfrom

Fourier’s theorem states that any periodic function x(t) may be decomposed
into an infinite series of sine and cosine functions which are used for determining
coefficients (Leis, 2011).

The transform is a way of a signal from time to frequency by decomposing the
signal into several frequency components. Equation (3.1) represents the Fourier

Transform equation.

(3.1)

where x(t) is the signal to be transformed in time t, complex exponential has

real and imaginary of sinusoidal components.

Fourier analysis converts signal from time domain to frequency domain.
However, Fast Fourier Transform (FFT) is used so as to rapidly compute to Fourier
Transform (Leis, 2011). FFT is a faster version of Discrete Fourier Transform which

takes a discrete signal in time domain and convert it to frequency domain.
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3.1.2 Short Time Fourier Transform

Fourier Transform gives information about the existence of a certain
frequency component solely and does not say when a time event occurs. As a solution
to this problem, the Short Time Fourier Transform (STFT) was proposed at 1946 by

Denis Gabor.

STFT assumes that the signal is stationary (frequency spectrum does not
change) in a narrow time window. Then STFT is obtained by applying the Fourier
transform to the windowed signal using a fixed-sized, sliding window. Therefore, the
signal is divided into several blocks of data and frequency spectrum of each portion
are calculated individually. It is the sliding window which has time step and length, at
every sliding window points, FFT analysis is applied (Polikar, 2001). STFT provides
information about both when and where frequencies present with starting and ending
position.

X Mathematical expression is defined in Equation 3.2, In this formula w(t) is the window function, commonly used Gaussian Window and x(t) is the
signal to be transformed. X(t, w) is the Fourier Transform of x(t).w(t-1).

Coy=[ Qo =)~ B (32)

The energy spectrum which is calculated by squaring the magnitude of STFT
coeffcicients is called as spectrogram.

Window size selection is crucial issue for STFT. Wide window gives better

frequency resolution but poor time resolution. Narrow window is exact opposite

situation of wide window.
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3.1.3 Wavelet Transform

Wavelet Transform appears to solve the fixed window size problem. It is a time-
frequency analysis technique, which is quite suitable for nonstationary signals as in the

electrical power network. It has wide range of application in power quality area.

In contrast to those Fourier Transform-based approaches where a window is
used uniformly for spread frequencies, a short window is used at high frequency and
a long window at low frequency, and this results in an excellent monitoring of
transient behavior and discontinuities in the signal. When there exists an
instantaneous impulse disturbance occurring on the signal at a certain time interval,
using wavelets, both time and frequency information of the disturbance can be
obtained with high resolution as shown in Figure 3.1. These features make wavelet

transform effective in signal analysis. (Ruijuan Jia and Chunxia, 2008).

»
>

>

>

amplitude
amplitude

(@) time (b) frequency

»

>
>
Ll

frequency
scale-value

© time @ time

Figure 3.1 Various Time-Frequency Representation of any signal (a) The signal in time domain,
(b) The signal in frequency domain with Fourier Transform, (c) The signal in time — frequency
representation with Short Time Fourier Transform (d) Wavelet analysis the signal (Matworks)
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The common characteristic of STFT and WT is that both provide time-
frequency analysis. The advantage of WT over STFT is that it uses a size adjustable

window than the fixed window used by STFT.

Mathematically, wavelet is a function of zero average; having the

energy concentrated in time defined in Equation 3.3.

e (3.3)

In order to have suitable resolution in time and frequency information, a family
of wavelets are used as a function of (t), also known as the Mother Wavelet.
Stretched and translated versions of the mother wavelet is defined in Equation 3.4.
Extension is referred by the scale parameter a while translation is adjusted via b.
Scaling is either expands or compresses a signal.

O= - 2 (3.4)

The Continuous Wavelet Transform (CWT) was developed as an alternative
approach to the STFT to overcome the resolution problem (Polikar, 2001). But the
difference is width of the window is changed. The CWT of a signal is expressed in
Equation 3.5.

The output of the CWT is the CWT coefficients, which reflect the similarity
between the analyzed signal and the wavelets. Also squares of the CWT coefficients
can be computed and form a scalogram in MATLAB, which is analogous to the
spectrogram in time-frequency analysis. In signal processing, scalograms are useful
in pattern-matching applications and discontinuity detections. If a signal contains
different scale characteristics over time, the scalogram can present a time-scale view

of the signal, which is more useful than the time-frequency view of that signal.

1=yJ Ox @9
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In practical application, DWT is used instead of CWT. DWT provides adequate
information both analysis and synthesis of the original signal. Also, DWT has a
significant role of reduction in the computation time. DWT and its implemention on a

signal are given in Equation 3.6 and 3.7.

(3.6)

Vo

Where ao and bo are scaling and translation coefficients, respectively; m and n

shows the location of the wavelet coefficient in time scale plane. For this, set a=ao™

and b=nboao™. Tmn is obtained as the detailed coefficients of DWT.

~=1 0.0 3.7)
The time and localization are the important features of wavelets. It makes it

suitable for analysis of abrupt changes in the signal. The disturbance signal when
subjected to DWT will generate a state which shows starting and ending points of the

disturbance. Every filter takes half of sample with coefficients in each decomposition.

Mother Wavelet Selection

Having the limitations of the Fourier Transform and Short Time Fourier Transform,

Morlet gave in late 1970’s the formulation of Wavelet Transform. Later, numerous
researchers have developed significant step of the wavelet transform theory such as
Morlet, Mallat, Meyer, Haar, and Daubechies. Daubechies construct the orthogonal
multi-resolution analysis, Mallat and Meyer’s concept are multi-resolution. The key
points are selection of mother wavelet, scaling and shifting functions. In Wavelet
analysis, different scaled versions of the mother wavelet are moved and correlation
between the signal and that wavelet is calculated. In this way, wavelet coefficients are

obtained. Scaling and shifting functions are the main point of WT (Daubechies, 1996).

The major decision for application of wavelet transform is to select mother
wavelet. There are many mother wavelets such as Haar, Daubechies, Coiflets, Haar.
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The differences between different mother wavelet functions depend on how these
scaling signals. The choice of wavelet determines the final waveform shape.

The choice of mother wavelet is different for each problem and can have a
significant effect on the results obtained. Orthogonal wavelets ensure that the signal
can be reconstructed from its transform coefficients. Unique pattern for each event is
more important for capturing the disturbances. Daubechies covers the field of
orthonormal wavelets. This family is very popular and includes many members. For
short and fast transient disturbances, Daub4 and Daub6 wavelets are the best choice,
while for slow transient disturbances, Daub8 and DaublO are particularly good
(Arrillaga and Watson, 2003). In Figure 3.2 some members of Daubechies family are
shown. It is flexible as its order and db4 is most widely adopted in power quality

applications.
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Waveiet unchon psi Waveilet uncton psi Wavelat unchion psi Waveiet luncton psi

db7 db8 db9 db10

Figure 3.2 Daubechies Wavelet Family (Matworks)

The choise of mother wavelet is significant for wavelet analysis of PQ events. It
can effect the results which is used for PQ recognition system. In this thesis, the
mother wavelet is selected as db4 because proper frequency response on disturbances
and good capability to capture time of disturbances.
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3.2 Classification Methods for Power Quality Disturbances

The existing techniques for identifying the power quality disturbance are based
on the finding disturbances. Hence, findings are not enough to make a decision about
signal type. Pattern recognition techniques are used for classification of disturbance
signals. Pattern recognition is a process of classifying input data. It is reported in the
literature that for the classification of PQ disturbance signals, pattern recognition uses
various artificial intelligence techniques, such as artificial neural networks (ANN),
Radial Basis Function Neural Network (RBFNN), Probabilistic Neural Network
(PNN), Fuzzy logic (FL), Support Vector Machine (SVM) and Relevance Vector
Machine (RVM).

Feature extraction of a disturbed signal provides information that helps to
detect the fault for power quality disturbance. Features extracted from the signals are
used as the input of a classification system instead of the raw data. Selecting a proper

feature set is an important step for successful classification.

3.2.1 Feature Extraction Based Wavelet Transform

An Artificial Neural Network is an information processing method that originate
by the way of biological nervous systems, such as the brain. The significant point is that
can proceess the information. It is composed of a great number of interconnected
processing elements, which is called as neurons, working in association to answer to the
specific problems. An ANN is configured for a specific application, such as pattern

recognition or data classification, through a learning process.

Field of machine learning and specifically the problem of statistical
classification, a confusion matrix, is a specific table design that allows the

visualization of the performance of an algorithm.

An important application of neural networks is pattern recognition. Pattern

recognition can be implemented by using a feed-forward neural network that has been

16



trained accordingly. All the neurons in one layer are connected with neurons in the
next layer. The hidden layer plays an important structure in a feed-forward network
because of logical parameters. During training, the network is trained to correlate
outputs with input patterns. When the network is used, it identifies the input pattern
and tries to output the associated output pattern. The power of neural networks comes
to life when a pattern that has no output associated with it, is given as an input. In this
case, the network gives the output that corresponds to a taught input pattern that is
least different from the given pattern.

Principal component analysis (PCA) is a popular technique for pattern
recognition application. PCA is a statistical procedure for achieving correct
prediction. The method generates a new set of variables. All the principal
components are ortogonal to each other and each PCA is a linear combination of the
original variables. PCA is mostly used as a tool for making predictive models. PCA
carry out feature selection and can select a number of important feature vectors from
all the feature components. PCA has been widely used in a variety of fields such as
image processing, pattern recognition, data compression, data mining, machine
learning and computer vision. PCA are focused on its applications in the field of

feature extractions (Song et al, 2010).

Confusion matrix is used to evaluate the classification results in multi class
problems. Each column of the matrix represents a predicted class while each row

represents an actual class or vice versa.

Feature selection has been widely applied in computer vision, pattern recognition
and machine learning. It is known that feature selection is used to reduce the high
dimensional patterns to proper dimensionality. Firstly, feature is generated in reference to
applied application. For feature generation, statistical methods are applied such as mean,
standard deviation, skewness, contrast, correlation and energy. Secondly, generated

feature is selected for good performance of classification and shorter training
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times. It is a method that comb out relevant and irrelevant features. Selected features
create feature vectors.

First statictical method for feature selection is signal energy. Finding energy
concentration is based on the Parseval’s Theorem. This theorem states that the energy
of a signal v(t) remains the same whether it is computed in time domain or in

frequency domain that states in Equation 3.8.

-
-

= . — (3.8)

where T is the time period and N is the length of the signal.

According to Parseval’s Theorem, the energy of a signal can be obtained by
adding the squares of its Fourier series coefficients and scaling them. A similar
derivation can be obtained for the wavelet transform. These wavelet coefficients
provide information and lead to the estimation of local energies at the different
scales. The energy at each decomposition level is used to identify the number of
levels required for decomposition. The energy at each decomposition level is
calculated using the following Equation 3.9 and 3.10

-

Tn ke (3.9

ol (3.10)
Where | is the decomposition level, N is the number of approximations and
detail coefficients. EAI, is the energy of the approximation at level | and EDi are the
energy of the detail at decomposition level I. The resolution level from 1 to 4 defined
by scales of the probability density of the energy that its value changes between 0 to
1. The algorithm based on the energies of the decomposed signals from wavelet multi
resolution analysis was proposed to distinguish different classes of power quality
events by Gaing Z L (2004), Gaouda A M et al (2002) and Gaouda A M et al (2000).
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The energy of the details at four levels are computed using Equation 3.2 and 3.3. Db4
wavelet is used in decomposition of the power signal disturbances.

Last statictical methods for feature selection are mean and variance which are
obtained for sag and swell events. The sample mean takes the whole signal in detailed
coefficients at each levels as a combination of time samples and the divided by the

number of samples in each energy level. Mathematical expression is in Equation 3.11.

S (3.11)

=0

Where Di is the detailed coefficients of transformed data and | is the
decomposition level.

The average of the squared differences from the mean gives the variance. In
case two data are close to each other, variance is the distinctive feature. Mathematical

expression is in Equation 3.12.

2 i (3.12)
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4 METHODOLOGY

4.1 Overview of the Plant

In this thesis, used raw data is taken from a cogeneration plant in Aegean region.
The plant produces electric energy and superheated water to sell their customer. Single
line diagram of the plant is demonstrated in Figure 4.1. As can be seen in the figure, at
first, Point of Common Coupling (PCC) voltage is measured for each phase. Installed
capacity of the system is 9.8 MW which has 2 distributed generator each one 6,5 MVA
are shown in Figure 4.1. G1 and G2. Load 1 plant which has an installed power of 9
MVA. Load 2 indicates the facility that domestic need in cogeneration plant. Load 3 is an

animal feed plant. Load 4 is a food plant that has an installed power of 8 MVA.

Load 2 Load 3 Load 4

Grid gz = . o= @

Gl1 G2

Figure 4.1 Single Line Diagram of Cogeneration Plant

Recorded raw data is from year 2007 to 2015. Table 4.1 demonstrates both
islanding and grid mode data at PCC by year. All data in islanding mode by using
phases for detection and classification.
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Table 4.1 Raw Data of Disturbanced Voltage Data at PCC by Year

. Islandin
Year Grid Mode Mode g
2007 4 7
2011 - 2
2012 - 1
2014 3 1
2015 - 2
Total 7 13

4.2 Harmonic Analysis

Power system harmonics is an important research field. This primarly deals
with nonlinear loads that indicates nonsinusoidal waveforms. Electric arc furnaces,
motors, static VAR compensator, invertors, converters, motor devices are examples
of source of harmonic. In this thesis, there are many nonlinear loads such as motors,

converters which used data in the plant.

Fourier Transform and Short Time Fourier Transform are used for finding
harmonics in the system. Recorded data has voltage disturbances both on islanding
mode and on grid mode operation. The signals have 675 data points in 1 second. But
this data points are not enough for investigating high frequency components. For this
reason, interpolation method is used in Matlab. It is a method which estimates new
point between known two points for constructing a new data points without breaking
signal type. While implementing the interpolation methods, it can be seen in 675 Hz
level. In STFT analysis, Gaussian Window is used because of its shape and it

decreases to zero, when leaved the center of window.

One of the detection method is to look current signals at PCC. If the grid current is
nonexistent that means the sytem operates on islanding mode. According to September
2014 year current and voltage data which are shown in Figure 4.2 (a) the current does not
exist for a long time. That means the system is operating on islanding mode. At that time,

in Figure 4.2 (b) demonstrates phase A voltage of the raw data. It
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is nearly normal until operating mode changes to grid mode. There is a current

fluctuations and voltage sag exists.
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Figure 4.2 Islanding Raw data at PCC (a) Current Signal (b) Voltage Signal

In this thesis, voltage harmonic research is done by two different algorithms which
are FFT and STFT. As explained in Chapter 3.1, Fourier Transform merely produces
information about the existence of a certain frequency component, but it does not tell
where in time event occur. On the other hand, STFT provides information about both

when and where frequencies occur with starting and ending position. Figure 4.3
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(a) indicates Fourier specturum of Figure 4.2 (b) data at PCC. As seen, there exists at

5th and

7th harmonics. Also there are interharmonics at 327.9 Hz and 427.5 Hz.

Figure 4.3 (b) introduces spectrogram of the same data. While analyzing STFT, we
can see the starting and ending points of disturbance and their frequencies.
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Figure 4.3 Fourier Spectrum and Spectogram of Grid Voltage (a) Fourier Transform, (b)

Spectogram

If the grid current exists, that means the sytem operates on grid mode. March
2007 year current and voltage data are shown in Figure 4.4 (a) demonstrates that the
current exists nearly 50 A in normal operating condition. That means the system is
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operating on grid mode. Hence, the time after there is a fault, later the system
operating mode is changed to islanding. At that time, when looked at the phase
voltage is nearly normal. Figure 4.5 (a) indicates Fourier specturum of 2007-year

voltage data at PCC. As seen, 51 and 7" harmonics exist as in Figure 4.3 operating

in islanding mode. Also there are interharmonics at 352 Hz and at 426.1 Hz. Figure
4.5 (b) introduces the spectrogram of the same data.
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Figure 4.4 On Grid Raw data at PCC (a) Current Signal (b) Voltage signal

Figure 4.5 (a) gives Fourier specturum of 2007-year voltage data at PCC. As

5th 7th harmonics. Also there are interharmonics at 352 Hz and at

seen, there are and

426.1 Hz. Figure 4.5(b) introduces spectrogram of the same data. We can see the
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starting and ending points of disturbance and their frequencies. Harmonics are the same

both on operating mode islanding and on grid mode.
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Figure 4.5 Fourier Spectrum and Spectogram of grid voltage (a) Fourier Transform
(b) Spectogram
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4.3 Detection of Sag and Swell

Detecting the sag and swell in voltage waveform is one of the important
parameters of power quality event. In previous analysis, FFT and STFT is used for
harmonic detection, but for sag and swell detection, wavelet analysis will be used in this
chapter. As its explained in Chapter 3.1 and 3.4, wavelet analysis is a form of time
— frequency representation to utilise signal in both time and frequency domain. Due to
having the limitations of the FT and STFT, wavelet transform is used. The first step
WT analysis is the selection of mother wavelet. Db4 is applied to the disturbance
voltage signal that is examined previously Chapter 3.4. Daubechies family is
convenient for analyzing power quality disturbances. Detailed coefficients for every
decomposed level, which in our cases 4 level, for two different operating modes are
shown in Figure 4.6 and 4.7.

In Figure 4.6, WT shows the results of applied to the raw voltage data on
islanding mode that is shown in Figure 4.2 (b). Figure 4.6 shows the scalogram of
wavelet transform for each decomposition levels. There are two peaks which are
detailed coefficients of WT indicates starting and ending of the disturbance. The

signal undergoes a sagged voltage at level 3 between 1050 sample and 1080™

sample by using Daubechies 4.
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Decomposition of the Grid Voltage
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Figure 4.6 Scalogram Demonstration of Wavelet Transform on Islanding Mode

In Figure 4.7 scalogram of wavelet transform for each decomposition level by
using random raw data in islanding mode is represented. Random arbitrary raw voltage
data on grid mode is used as shown in Figure 4.4 (b). There are two peaks which are
detailed coefficients of WT indicating the starting and ending disturbance. The signal
oth o™ sample which is clearly

undergoes a sagged voltage between 1050 sample and 108

distinguishable using Daubechies 4. Fault data explicitly detected at level 3.
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4.4

significant tasks in disturbance signal analysis. Signal processing is the first stage of
to get specific information from the raw data. Wavelet Transform is the best
technique which is used in this thesis for analyzing signal. In this chapter, power

quality events classified by a Neural Network, by using Wavelet Transformed data.

the fault for power quality disturbance. Features extracted from the signals are used as
the input of a classification system instead of the raw data, since it leads to a much lower

dimension for system input. Selecting a proper feature is an important step for successful

classification. In this thesis,
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Figure 4.7 Scalogram Demonstration of Wavelet Transform on Grid Mode

Feature Extraction Based on Wavelet Transform

Detecting sudden changes of waveforms in electrical signals is one of the

Feature extraction of a disturbed signal provides information that helps to detect

1% feature contains energy levels of the detailed
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coefficients of wavelet transform. an feature involves mean of the coefficients and last
feature comprises variance of the signal by using equations (3.3), (3.10), (3.11), (3.12).

Power signal with disturbance at various time instants is analyzed and subjected
to WT transform. The detailed coefficients of the wavelet transform are further
processed by finding the energy levels, mean and variance of the signal. Two types of
signals with disturbances like sag, swell events at various intervals of time is clearly

identified by the statistical analysis.

Table 4.2 is energy levels of each decomposition level for islanding mode both
sag and swell parameters by using randomly selected raw data. For each energy level
is divided by total energy to find entropy in probability. As it is shown in table, sag
energies are lower than swell means for both operating mode in level 2 and 3.

Table 4.2 Energy Levels of Each Decomposition Level For Different Operating Mode

Level 1 Level 2 Level 3
Sag 0.0002 0.0.008 0.0346
Islanding
Mode
Swell 0.0002 0.0009 0.0369

The statistical behavior of the feature vectors which consist of mean and variance
is obtained for sag and swell events in Table 4.3. The sample mean takes the whole
signal in detailed coefficients at each levels as a combination of time samples and the
divided by number of samples in each energy level. Table 4.3 lists mean and variance of
the decompotion level, for both sag and swell parameters on island mode. As it is
expected, sag means are lower than swell means while energy levels are increasing.

The average of the squared differences from the mean gives the variance. In
case two data are close to each other, variance is the distinctive feature. Similarly,
variance of sag is lower than swell. Like energy levels, mean and variance analyze on

randomly selected raw data.
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Table 4.3 Mean and Variance of Each Decomposition Level For Islanding Mode

Level 1 Level 2 Level 3
Mean -0.007x10° -0.0718x10°° -0.2167x107°
Sag
Variance 0.0001 0.0002 0.0141
Mean 0.0058x107 -0.0386x107 -0.3103x10™°
Swell
Variance 0.0001 0.0004 0.0200

4.5 Classification of Parameters

All islanding mode raw voltage data for each phase are used in Table 4.1 for
classification. For classifying the patterns, firstly the features are extracted from the
wavelet transform. The features used as inputs of the Neural Network are extracted
from the detailed coefficients of wavelet transform. The obtained coefficients
corresponding to the various frequency bands are used for feature extraction. Three
features are used for the classification. The disturbance features reside in the two
classes which are sag and swell. The features are energy levels of decomposed

signals, mean of detail coefficients and variance of detail coefficients.

In Table 4.4, we present the confusion matrix for classification of sag and swell
parameters. The first two diagonal cells show the number and percentage of correct
classifications by the trained network. Data set includes 90 sag and 9 swell data.
According to confusion matrix, 90 sample are correctly classifed as sag. This
corresponds to 90.9% of all 99 data. Similarly, 2 data are correctly classified as swell.
This corresponds to 2.0 % of all data. Overall, 92.9% of the predictions are correct

and 7.1% are wrong classifications.
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In related works, correct classificication rates are between 94.37% and 98.17%

but in this thesis correct classification rate is 92.9%. Because number of sampled and
training data are limited.

Table 4.4 Confusion Matrix

Confusion Matrix

Output Class
N

1 2
Target Class

31



5 CONCLUSION AND FUTURE WORK

The work carried out on power quality disturbance analysis with using some
signal processing techniques and classify the analyzed signal with Neural Network by
use of MATLAB. The findings of research are listed.

Firstly, using Fourier transform, the time information is completely lost and
frequency axis is divided uniformly. Secondly, STFT is used for finding which
frequency components are present and where they are located in time. STFT add a
window to take the time domain information into consideration. The frequency
resolution depends on the time resolution, or the size of the window. We cannot
zoom in a particular frequency range because the window is uniformly placed.
Because of this reason, Wavelet transform is used thirdly. Wavelet transform is the
best signal processing technique which is applied in this thesis, since wavelets with
different scales measure the corresponding frequency components in the signal and

the time - frequency resolutions of wavelets are adaptive.

Second important part of the thesis is classification of the analyzed signal using
Neural Network. Some features are used to classify the signal type as sag or swell.
These features are statistical values of Wavelet Transform detailed coefficients.

Simulation results show that overall accuracy rate of classification is 92.9%.

5.1 FUTURE WORK

The future work will be about usage of different signal processing techniques
such as Stockwell Transform and diversified classification methods. Results of
wavelet applications will be examined and comparisons with other methods in the

literature will be obtained. Lastly, detected and classified signals will be filtered.
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