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HIGH IMPEDANCE FAULT DETECTION IN MEDIUM VOLTAGE
DISTRIBUTION SYSTEMS USING WAVELET TRANSFORM

SUMMARY

The increasing complexity of distribution systems demands innovative approaches to
fault detection, particularly for high impedance faults which are characterized by low
fault currents that often elude conventional detection methods. This thesis addresses
this challenge by focusing on the development of a novel and reliable algorithm for
high impedance fault detection in medium voltage distribution systems. The
methodology employed is pivoted on wavelet transform analysis, a powerful tool for
signal processing and analysis, to enhance fault detection capabilities. Wavelet
transform provides the analysis of different frequency components of a signal with
good time and frequency localization.

The main objective of this research is to address the limitations of existing high
impedance fault detection methods by proposing a new algorithm that offers improved
reliability and accuracy. The proposed algorithm leverages wavelet transform to carry
out a multi resolution analysis using ‘sym5’ as a mother wavelet to extract level 5
detail coefficients from the electrical current signals of the distribution system. These
coefficients capture subtle variations of high frequency components which are
indicative of high impedance faults. By calculating the energies of the level 5
coefficients for each phase and the neutral, and subsequently integrating the results to
determine the average slope at each phase and neutral, a robust metric for fault
detection is established.

The algorithm's effectiveness is validated through extensive testing, with results
consistently aligning with expectations. The testing phase involves simulated fault
scenarios using MATLAB/Simulink software to assess the algorithm's performance
under various conditions. The outcomes demonstrate the algorithm's ability to
accurately detect high impedance faults and the faulty phase(s), showcasing its
potential as a valuable tool for enhancing the reliability of medium voltage distribution
systems.

In conclusion, the research presents a successful algorithm for high impedance fault
detection, offering a promising solution to a critical challenge in power distribution
systems. The proposed method exhibits a level of reliability that surpasses traditional
approaches, laying the foundation for improved fault detection strategies. However,
recognizing the complexity and variability of real-world distribution systems along
with the difficulty in modeling high impedance faults perfectly, further testing on real
world situations is recommended to validate the algorithm's performance under diverse
operating conditions and in the presence of additional system complexities.

To ensure the algorithm's practical applicability, it is essential to conduct field tests in
real-life distribution systems. These tests will provide insights into the algorithm's
adaptability to varying environmental conditions and its ability to accommodate the
nuances of different distribution network configurations. Additionally, the algorithm's
performance in the presence of multiple simultaneous faults and its response to
transient conditions warrant investigation to assess its robustness.
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Recommendations for future research include expanding the algorithm's capabilities
to address more complex fault scenarios and exploring opportunities for integration
with emerging technologies such as machine learning for enhanced fault detection and
classification. Continued collaboration with industry stakeholders and power system
operators is crucial to fostering the adoption of this innovative algorithm and ensuring
its seamless integration into practical applications.

In summary, this thesis contributes a significant advancement in high impedance fault
detection, offering a reliable algorithm grounded in wavelet transform analysis. The
potential impact of this research extends to the improvement of power system
reliability and resilience, safeguarding against faults that pose challenges to traditional
detection methods. Through ongoing research, testing, and collaboration, the proposed
algorithm holds the promise of becoming an indispensable tool in the ongoing
evolution of medium voltage distribution systems.
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DALGACIK DONUSUMU KULLANILARAK ORTA GERILiM DAGITIM
SISTEMLERINDE YUKSEK EMPEDANSLI ARIZA TESPITI

OZET

Elektrik, mobil telefonlar, mutfak esyalari, elektrikli aletler, aydinlatma ve elektrikli
araclar da dahil olmak iizere yasamimizin ¢esitli yonlerinin isleyebilmesi i¢in hayati
bir 6neme sahiptir. Elektrik miisterilere ulastirabilmek i¢in tam bir gii¢ sistemi (GS)
gereklidir ve bu sistem ii¢ ana asamadan olusur: Gii¢ Uretimi, Iletim ve Dagitim.
Dagitim sistemleri (DS), diisiik empedansli arizalar gibi hatalara karsi hassastir
(DEA), bu arizalar koruyucu cihazlar tarafindan kolayca tespit edilebilen yiiksek hata
akimlari iiretir. Yiiksek empedanslt arizalar (YEA), gorece diisiik hata akimina sahip
olmalar1 nedeniyle geleneksel koruma cihazlar1 tarafindan tespit edilmesi zor olan
hatalardir.

Yiiksek empedansli arizalar (YEA’lar), kolayca tespit edilemeyen ve geleneksel
koruma cihazlar1 tarafindan ortadan kaldirilamayan bir tiir hatadir. YEA’lar, enerjili
bir iletkenin yiiksek empedans profiline sahip bir malzeme ile temas ettiginde ortaya
cikar, bu malzemeler arasinda agag dallari, beton, ¢akil, asfalt, kum, ¢cimento veya ince
cakil bulunabilir. Bu hatalar, yer yiizeyi malzemesi, ylizey nemliligi, hava kosullari,
yik tipi, besleme konfigiirasyonu ve gerilim seviyeleri gibi faktorlerden etkilenir.
YEA'lar, yangina neden olan ark olusumu, 6zellikle hata kuru bitki ortiisii veya hasar
gormiis kablo izolasyonu i¢inde meydana geldiginde, 6énemli risklere neden olabilir.
YEA'lar1 tespit etmek, bu hatalarla iligkilendirilen ince ve aralikli 6zellikleri
tantyabilen sinyal isleme ve makine 6grenimi gibi gelismis yontemleri gerektirir ve
elektrik sebekesinin giivenligi ve giivenilirligini saglamak i¢in onemlidir. Ayrica,
YEA'lar, gii¢ dagitim sistemlerinde diisiik akim seviyeleri, aralikli doga, yangin
tehlikeleri, gerilim dalgalanmalari, sistem istikrarsizlig1 ve ekipman hasar1 gibi 6nemli
etkiye neden olabilir. Bu sorunlari ele almak i¢in YEA'lar1 tespit etmeye odaklanmis
yeni algoritmalar gereklidir. Yeni algoritmalar gelistirilerek, elektrik sebekesini daha
1yi koruyabilir ve YEA riskini azaltabiliriz.

YEA'lar, diger elektrik hatalarindan farkli olan benzersiz 6zelliklere sahiptir. Bunlar,
ozelliklerde degiskenlik, diisiik akim seviyeleri, ark ve yangin tehlikeleri, gerilim
dalgalanmalari, dogrusallik dis1, gerilim ve akim dalga formlarinda diisiik frekanslh
bilesenler, akim dalgalarinda asimetrinin yani sira arkin aralikli, akim dalga
formlarinda yiiksek frekansli bilesenler, duragan olmayan akim ve akim birikimi ve
omuzdur. YEA tespit i¢in yaklagimlari, bu tezde belirtilen klasik ve sezgisel
yaklasimlara ayrilmistir.

Dalgacik Doniisiimii (DD), sinyalleri ve fonksiyonlar1 hem zaman hem frekans
alanlarinda analiz etmek icin kullanilan matematiksel bir aractir. Bir sinyali kiigiik, iyi
lokalize edilmis dalgaciklara ayirarak sinyalin lokal oOzelliklerini veya ani
degisikliklerini daha esnek bir sekilde temsil eder. DD'nin iki ana tiirti vardir: siirekli
dalgacik doniisiimii (SDD) ve kesik dalgacik doniisiimii (KDD). SDD, bir sinyal
tizerinde Olgeklendirilmis ve cevrilen siirekli bir dalgacik fonksiyonudur, sinyalin
frekans igerigini farkli 6lgeklerde siirekli olarak analiz eder. Ote yandan, KDD, pratik
uygulamalarda genellikle daha hesaplamali olarak etkilidir ve kesik 6l¢ek ve ¢eviri
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icerir. DD, sinyal isleme, goriintii sikistirma, veri sikistirma ve 6zellik ¢ikarma gibi
cesitli uygulamalarda kullanilir ve 6zellikle istasyoner olmayan veya zamanla degisen
sinyallerin analizi i¢in uygundur.

Yiiksek Empedanslt ariza Modelleme etkili tespit teknikleri i¢in kritiktir, ¢linkii gercek
hayattaki YEA'lar, simetri, rastlantililik, dogrusallik ve ark olusumunun dinamik
Ozellikleri gibi hassas bir sekilde simiile etmeyi igerir. Birgok YEA modeli
bulunmaktadir, bunlar arasinda Emanuel modeli (1990), David Chan, S. R. Nam, T.M
Lai, Yong Sheng ve Steven M. Rovnyak, ve A.R Sedighi modeli bulunmaktadir.
YEA'larin modellenmesi, davranislarini anlamak ac¢isindan énemlidir.

Bu caligmadaki onerilen YEA modeli, T.M Lai'nin basitlestirilmis YEA modeline
dayanmaktadir. Bu model, hava ile toprak arasindaki veya agaglar arasindaki yayin
hattindaki ark voltajini temsil eden Vp ve Vn voltajlarina sahip iki DC kaynagi (DC1
ve DC2) ve iki diyot (D1 ve D2) arasina yerlestirilmis R1 ve R2 direnclerini igerir.
Model, degisken direngler (R1 ve R2) ile kullanilan temel bir model olarak, agag¢larin
direncini ve/veya toprak direncini temsil etmek i¢in kullanilir.

Bu ¢aligma i¢in test sistemi, bir 33kV jeneratoriin birbirine bagl oldugu bir 33/20kV
iki sargil trafo, 20 km uzunlugundaki iletim hatlar1 ve 800kW giice sahip bir statik
yiik igeren temel bir dagitim sistemi kullanmaktadir.

Bilgisayar simulasyonlari, test igin MATLAB R2022b ve Simulink kullanilarak
gerceklestirilir. Onerilen YEA modeline bir 20kV kaynagi baglanir ve V-I
karakteristik egrisini ¢ikarmak i¢in simiile edilir, bu egri voltaj ve akim arasinda
dogrusal olmayan bir iliskiyi gosterir. MATLAB'de, bir 33kV {i¢ fazli kaynak, bir
33/20kV iki sargili trafoya baglidir; bu trafo, ii¢ fazli voltaj ve akimi kaydetmek i¢in
bir V-I 6l¢iim bloguna baglidir, ii¢ fazli bir pi kesiti hattina, baska bir V-1 dl¢ciim
bloguna ve bir statik yiike baglanmistir. Sistem, diistik direncli topraklama ile toprak
hatasint kontrol etmekte ve toprak hatasi akimini sinirlamakta, ekipman hasarini
onlemekte ve asir1 gerilimi azaltmaktadir.

Onerilen YEA tespit yontemi, ozellikle YEA tespit etmek icin kullanilan kesik
dalgacik doniisiimleri iizerine dayanmaktadir. Bu yaklasim, gii¢ hatlar1 aginda YEA'lai
tespit etmek gibi yiiksek hassasiyet gerektiren uygulamalar i¢in uygundur.

Onerilen YEA tespit yontemi, dalgacik doniisiim analizi, dzellikle de kesik dalgacik
dontigimii (KDD) iizerine dayanmaktadir. Bu teknik, zaman-frekans alaninda
sinyalleri analiz etmek icin gili¢lii bir yontemdir. Ayn1 anda zaman ve frekans bilgisi
saglayabilir, bu da diisiik akim degerleri ve dogrusal olmayan ozelliklere sahip
YEA'lar tespit etmek i¢in uygun hale getirir. KDD ayrica frekans ve zaman agisindan
Coklu Coziiniirlik Analizi (CCA) sunar, bu da gecici sinyalleri ve hatalar1 analiz
etmek icin onemlidir. KDD, basitligi ve benzer hassasiyeti nedeniyle CDD yerine
kullanilmaktadir, ancak daha hizli zaman-frekans analizi sunmaktadir. Model, ana
dalgacig diisiik gecis filtresi olarak ve ikincilini yiiksek gecis filtresi olarak kullanan
cok asamali bir filtre kullanmaktadir. Yiiksek gecis filtrelerinin sonuglar
"yaklagimlar" olarak adlandirilirken, detaylar YEA tespiti odak noktasidir. Ozellikle
'sym5' olan Symlet dalgacigi, enerjiyi koruma, sinyal analizi i¢in yardimci olma,
onemli 6zellikleri ¢ikarma ve ani degisiklikler ve kesintiler de dahil olmak tizere farkli
sinyal 6zelliklerine uyum saglama yetenegi nedeniyle ana dalgacik olarak secilmistir.
5 seviyeli bir CCA ayristirmasi, akim sinyallerini analiz etmek ve o6zelliklerini
cikarmak i¢in uygulanir.

Onerilen YEA tespit algoritmasi, akim sinyallerinin trafonun ikincil sargisindan
cikarilmasindan sonra gergeklestirilen KDD'nin 5. seviye detay analizine
dayanmaktadir. Algoritma, tiim fazlar ve nétr i¢in trafo ikincilindeki akim sinyallerini
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cikarma, akim sinyalleri ilizerinde 'sym5' ana dalgacigini kullanarak KDD/ CCA
gergeklestirme, detay d5 katsayilarini ¢gikarma ve ¢izme, detay d5'in enerjisini (EDS5)
hesaplama, alan degisim egrilerini ¢izme ve enerjileri ve egimleri karsilastirma
islemlerini igerir, bdylece YEA veya dengesiz yiik degisimi olup olmadigini belirler.

Bu Yiiksek Lisans aragtirma tezi, dagitim sistemlerinde YEA tespiti etrafindaki
tartismalara odaklanmaktadir. Sorun, YEA'lar tarafindan iiretilen rastlantililik ve
diisiik hata akimi tarafindan ortaya ¢ikarilmaktadir. Yeni bir YEA tespit algoritmasi,
ozellikle kesik dalgacik doniisiimii (KDD) kullanilarak énerilmektedir. KDD, sistem
transformator ikincilinde ¢ikarilan akim sinyallerinin ¢ok c¢oziiniirlii analizi igin
kullanilmaktadir.

Bes farkli durumun test edildigi simiilasyon sonuglari, Onerilen algoritmanin
potansiyel olarak hassas bir YEA tespit algoritmasi oldugunu gostermektedir.
Algoritma, dengesiz yiik degisim kosullari ile YEA durumlari arasinda ayrim yapmada
basarili oldu, farkli enerji degerlerinden tek fazli YEA veya c¢ift fazli YEA tespit
etmede basarili oldu ve sistemde bulunan hatal1 faz veya fazlari tespit etmekte basarili
oldu. Ancak, bazi smirlamalar, algoritmanin diisiik akim seviyelerinde, ozellikle
5A'min altindaki akimlarda YEA'y1 tespit edebilmesine ragmen hatali fazi tespit
etmekte basarisiz oldugunu gdésterdi.

Bu tezde 6zetlenen YEA tespit algoritmasi su anda erken gelistirme ve uygulama
asamalarindadir. Bir YEA'nin dogru bir sekilde modellemesi zorlu bir gérev oldugu
icin, MATLAB ve Simulink aracilifiyla gerceklestirilen simiilasyon sonuglarinin
hassasiyetten yoksun olabilece8i ve potansiyel olarak gercek diinya senaryolarindan
farklilik gosterebilecegi kabul edilmektedir. Algoritmanin dogrulugunu dogrulamak
i¢in gercek diinya testleri ve analizleri 6nemlidir. Ayrica, simiilasyon basit bir dagitim
sistemi lizerinde gergeklestirildigi i¢in, algoritmanin daha karmasik sistemler {izerinde
test edilmesi ve 6zellikle sofistike durumlar1 ele almasi gereklidir. Bunun yani sira,
gelecekteki caligmalar, algoritmanin giivenilirligini artirmak ic¢in hata konumu
belirleme 6zelliklerini igermeyi igerebilir.
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1. INTRODUCTION

Nowadays, almost everything in the world depends on electricity. Due to the rapid
evolution in technology, people became more dependent on energy, the simplest thing
to consider is mobile phones which almost everyone in this world use, without
electricity they won’t work; kitchenware, electrical tools, lighting, electric cars etc.

almost everything needs and electrical source to function.

For electricity to reach customers, a complete power system (PS) is needed. A PS
consists of three main stages which are: Power Generation, Transmission and
Distribution. Most problems occurring in power systems occur in the distribution
systems (DS). DS are vulnerable to a lot of faults that may occur such as two phases
contacting each others (2-phase fault), three phases contacting each others (3-phase
fault) or other faults such as single phase to ground, double phase to ground etc... such
faults are considered low impedance faults (LIF) and they produce very high fault
currents which can be detected easily with the protective devices found in the PS.
While other faults which have a high impedance amplitude, that are called high
impedance faults (HIF), are very hard to be detected due to their relatively low fault
current which cannot be detected by conventional protection devices. HIFs are usually
a result of contact between an energized conductor and tree branch, concrete, gravel,
sand etc... which are material of high impedance profile (are usually considered

insulators). The results of HIF are dangerous for both the PS and the life of individuals.

Fast and reliable detection of high impedance faults (HIF) in distribution systems (DS)
has been a persistent challenge to electric engineers in this field. The reason is because
conventional fault detection techniques such as overcurrent relays and fuses fail to

detect HIFs due to their relatively small fault currents.



1.1 Purpose of Thesis

The aim of this thesis is to deploy a reliable HIF detection algorithm in distribution
systems. To develop such an algorithm, MATLAB/Simulink software is used to model

the system and simulate and test the results.

In this thesis a new strategy for detection of HIF based on the analysis of discrete
wavelet transform (DWT) to detect the faulty phase(s). The algorithm is capable of
detecting different types of HIFs and the faulty phase(s) as well. Current signals of all
phases and the neutral at the transformer of substation are analyzed using DWT. Fault
detection process is accomplished by decomposition of current signals, extracting fifth
details components, calculating energy of details at the fifth level, inspection of the
aria variation curves and extracting the average slopes at each phase and the neutral.
Comparison of energy levels and slopes between normal operating conditions and

other conditions are compared to derive a functional detection algorithm.

Simulation results showed up very good results yielding to the conclusion that the
proposed algorithm may be considered precise and fully functional in detection of

HIFs.

1.2 Outline of The Thesis

In chapter 1 a brief introduction about power systems and different types of faults
along with the problem in detection of HIF is discussed, and the purpose of this thesis

is clearly explained.

Chapter 2 is an introduction and explanation of HIFs, their characteristics, effect, and

different detection approaches that are discussed in literature are presented.

Chapter 3 held wavelet transform (WT), explained what is WT and some history about
it along with the two different types of it, Continuous wavelet transform (CWT) and
discrete wavelet transform (DWT). Also types of mother wavelets are presented in this

chapter.

HIF modeling is discussed in chapter 4, how different scientists at different times

proposed different types of models for HIFs.



In chapter 5 the proposed test system is presented along with its implementation in
MATLAB/Simulink, the proposed HIF model is given along with how it is presented
in MATLAB and its parameters, the test system that is used for simulation is also given
along with all its parameters. Also the proposed HIF detection algorithm is explained

briefly in this chapter

Chapter 6 handles the simulation and results, 5 different test cases are represented and

simulated, all the results of each test case are explained in this chapter

Chapter 7 is the final chapter in this thesis, it is the conclusion of the overall work done

in this study and a recommendation for a future work that might be done.






2. HIGH IMPEDANCE FAULTS (LITERATURE REVIEW)

2.1 High Impedance Fault (HIF)

Faults in distribution systems fall under two main categories: 1- Low impedance faults
and 2- High impedance faults. Low impedance faults are very common and can be
easily detected with conventional protection devices such as an over current relay and
a circuit breaker, on the other hand, despite being less common, high impedance faults
are not easily detected and conventional protection devices cannot detect and eliminate

them.

2.1.1 What is a HIF?

A high impedance fault is the type of fault that, as it name implies, has a high
impedance value, by which the fault current is in the range of normal current in the
system and under the maximum load current. So conventional protection devices are
not able to detect it and it is considered a non-faulty condition for such devices,
resulting in no-trip which means no isolation of fault. Unlike low impedance faults,
where the faulted conductors create a direct and low-resistance path to ground, high

impedance faults involve a partial or intermittent connection to ground.

High impedance faults occur as a result of a contact between an energized conductor
and material of high impedance profile such as a tree branch, concrete, gravel, asphalt,
sand, cement and thin gravel. HIFs are influenced by factors such as the ground surface
material, surface humidity, weather conditions, load type, feeder configuration and
voltage levels [1]. The factors that have the most influence on HIF are surface humidity
and material; higher humidity results in higher fault current magnitude and different

material result in different voltage-current characteristics [2, 3].

High impedance faults can cause significant risks, such as the potential for arcing that
may lead to fires, especially when the fault occurs in dry vegetation, damaged cable
insulation, or insulators. Detecting HIFs requires advanced methods, such as signal

processing and machine learning, to recognize the subtle and intermittent



characteristics associated with these faults and ensure the safety and reliability of the

electrical grid.

Examples of HIFs are displayed in figures 2.1, 2.1 and 2.3.

Figure 2.1 : HIF due to the contact of tree limb with a primary conductor [16]

Figure 2.2 : Energized downed conductor implemented by Texas A&M University [17]



Figure 2.3 : HIF testing on a dry tire [18]

2.1.2 HIF Effect

Most power system faults affect and endanger electrical equipment, while HIFs have
consequences on living beings. Hence, since these faults are not detected by
overcurrent relays, it is a must to develop new algorithms which are specialized in
detecting such faults. HIFs are usually accompanied with an arc. During an HIF
flammable gas may be generated, or the evolution of an arc near flammable material
may result in fire and explosion [4]. Moreover, due to the generation of current, an
unintentional contact between the energized conductor and a line crewmen or a

member of the public or any living being would occur resulting in fatal conditions [5].

A study reported that 5 to 10% of distribution faults are HIFs [6], another study
reported that around 25% of down conductors which are considered HIFs are not

detected using overcurrent relays [7].

HIFs can have several significant effects on power distribution systems, which directly
impact the reliability, safety, and operational efficiency of the electrical network. Key

effects that are associated with HIFs are:

e Intermittent Nature: The intermittent behavior if HIFs, causing the faulted
connection to ground to come and go, adds complexity to their detection, as

the fault may not be continuously present.



Fire Hazard: When a HIF occurs in areas with dry vegetation or compromised
insulation, arcing occurs, possessing a significant fire hazard, leading to
potential damage to equipment and posing risks to personnel and nearby

structures.

System Instability: In some cases, HIFs can result in system instability,
affecting the overall performance of the power grid. Intermittent and low-
current nature of these faults may not appear immediately, potentially leading

to prolonged system issues if not promptly identified and addressed.

Equipment Damage: The arcing associated with HIFs can cause damage to
equipment, including transformers, insulators, and other components in the

affected portion of the power distribution system.

Given the potential fire hazards and operational challenges posed by high impedance

faults, it's crucial to employ advanced detection and protection methods that go beyond

traditional overcurrent devices.

2.1.3 HIF Characteristics

HIFs show some peculiar features that distinguish them from other types of electrical

faults. Understanding these features is crucial to the development of effective detection

and mitigation strategies.

Here are the key characteristics of high impedance faults:

Variability in Characteristics: The characteristics of HIFs can vary depending
on factors such as the type of insulation, environmental conditions, and the

specific location within the power distribution system.

Low Current Levels: Unlike low impedance faults, where a direct and low-
resistance path to ground results in high current flows, HIFs involve partial or

intermittent connections, leading to lower current levels.

Arcing and Fire Hazard: The high resistance in the fault path can lead to arcing.
In environments with combustible materials, such as dry vegetation, HIFs pose

a significant fire hazard, as the arcing can ignite surrounding materials.



e Voltage Fluctuations: HIFs can cause fluctuations in voltage levels within the
power distribution system. These fluctuations may be subtle but can affect the

stability and reliability of the electrical network.

e Non-linearity: V-I characteristic curve is usually nonlinear in nature due to the

existence of an arc [8, 9].

e Low and high frequency components in voltage and current waveforms:
because of the non-linearity of HIF, waveforms contain harmonics up to 300

Hz for voltage and 600Hz for current [10, 11]

e Asymmetry of the current waveform: a difference in the peak value and the
shape of positive and negative half cycles in HIF current is present due to the
difference between the breakdown voltage and the positive and negative

voltage values [12, 13].

e Intermittence of the arc: arc generates a non-steady pattern of current since it

generates few conduction cycles followed by few non-conductions cycles [4].
e Non-stationary current: current frequency spectrum varies with time [14].

e Current buildup and shoulder: current gradually builds up to maintain a

constant magnitude (shoulder) for several cycles [15].

2.2 HIF Detection Approaches

Various approaches where implemented and discussed in literature over the past years.
Some of them are considered classical approaches which depend on classically
extracting HIF features, and others are considered heuristic which are based on
intelligently decisive tools. In the following part approaches will be discussed. Figure

2.4 shows a flowchart of HIF detection approaches [19].
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2.2.1.1 Magnitude of Phase or Neutral Fault Voltage and Current

One method for detecting HIFs is monitoring the magnitude of phase or neutral

voltages and currents.

HIFs often produce small current flowing through the faulted phase, by monitoring the
magnitude of both phase voltage and current abnormal conditions can be detected. In
healthy systems voltage and current must be in phase and their magnitudes should be

consistent with the systems operating conditions, while the presence of an HIF may
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result in the current waveform exhibiting high harmonic content and be out of phase

with the voltage waveform.

On the other hand, HIFs sometimes involve connection between a conductor and
ground by which the neutral might get involved, so by monitoring the magnitude of

the neutral voltage and current indications of fault may be observed.

Many approaches where presented based on the idea of extracting the magnitude of
fault voltage and current, but all these methods proved to be inaccurate and non-
reliable, since most frequently these algorithms failed to detect HIFs. Some of these
approaches are a proportional relaying algorithm by introducing a new
electromechanical relay [20], ratio grounded relaying (RGR) algorithm [21], change
in neutral voltage and zero sequence current [22], modified directional earth fault relay

[23], and dissipation factor (DF) based criterion [24] etc.

2.2.1.2 Low Order Harmonics, Sub-harmonics and Low-Frequency Spectrum

HIFs can cause distinctive harmonic components and frequency variations in the
current waveform. So a valuable method for detecting HIFs may be by monitoring low

order harmonics, sub-harmonics, and the low-frequency spectrum.

High Impedance Faults often result in non-linear current waveforms, leading to the
generation of low order harmonics (multiples of the fundamental frequency), so a
method of indicating HIFs is monitoring the presence of significant low order

harmonics (such as the 2nd and 3rd harmonics).

Moreover, High Impedance Faults can introduce sub-harmonics, which are
frequencies that are fractions of the fundamental frequency, in the current waveform,
resulting in non-linear behavior. A design of detection systems can be implemented to
detect abnormal sub-harmonic content in the current signal as a potential indication of

a HIF.

In addition, HIFs may lead to changes in the low frequency components of the current
waveform, so monitoring the low frequency spectrum may be a good approach for

detection of variations associated with HIFs.

This approach focuses on the variation of one or more characterizing or non-
characterizing harmonics fault signal in order to detect HIFs. Some of the proposed

methods using this approach are: a method based on negative sequence current [25],
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analyzing spectral behavior of low frequency in terms of magnitude and phase [26],
obtaining features to distinguish arcing faults from switching events by analyzing the
low order harmonic current [27], also an algorithm was proposed concerning the
increase in energy level of harmonics and the degree of randomness associated with
arcing HIFs[28], and others developed a scheme based on the concept of quasi-static

ripple harmonics and sub/super harmonic frequencies [29].

2.2.1.3 High Frequency Spectrum

High-frequency spectrum analysis for HIF detection involves analyzing the frequency
components of the current waveform at higher frequencies. High Impedance Faults
often introduce high-frequency transients or oscillations in the current waveform that

are not present during normal operating conditions.

High-frequency spectrum analysis can be applied for HIF detection using transient
analysis, since HIFs may generate high-frequency spikes, transients or short duration
oscillations in current waveform, by monitoring and analyzing the transient behavior
in the high frequency spectrum, abnormal patterns associated with HIFs may be
revealed. Also high frequency harmonics analysis is another way for HIF detection,
since HIFs usually produce high-frequency harmonics or frequency components
beyond the normal power system frequency (usually 50 or 60 Hz). So an indication of
a fault condition may be by analyzing the high frequency spectrum for the presence of
harmonics above a certain threshold. In addition frequency domain analysis may be
implemented to detect HIFs since it examines the entire spectrum of the current
waveform, including the high-frequency range, and HIFs introduce frequency

components distinct from normal system operation in the high-frequency spectrum.

HIFs are characterized with the creation of high frequency components in current
signals. In this regard, one approach in detecting HIF was to localize high frequency
energy levels in current signals, unfortunately, some normal events such as capacitor
switching also cause high frequency levels similar to HIF, but in a HIF case the
increase if energy level has a random nature. In order to solve such issue a criteria
called randomness criteria was defined. Some researchers used high frequency
impedance monitoring while others presented an algorithm based on random behavior

of HIF to detect HIFs [30, 31].
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2.2.1.4 Feature Extractors (Kalman, Fractal, and Wavelet)

For state estimation in dynamic systems, recursive mathematical algorithms like
Kalman filtering can be applied. Although Kalman filtering isn't usually utilized alone
for detecting High Impedance Faults (HIFs), it can be combined with other signal
processing methods to increase fault detection or state estimate accuracy in power

systems.

The application of fractal theory for HIF detection involves analyzing the fractal
properties of signals, such as voltage and current waveforms, to identify patterns or
irregularities associated with high impedance faults. Fractal theory is particularly
useful for characterizing the complexity and self-similarity of signals across different

scales.

A powerful signal processing tool that can be employed for HIF detection in power
systems is wavelet transform, it is particularly useful for analyzing signals in both the
time and frequency domains simultaneously, making it well-suited for identifying

transient events and irregularities associated with HIFs.
A general approach to using wavelet transform for HIF detection may be as follows:

e Signal Decomposition: by applying wavelet transform to decompose the
voltage or current waveform into different frequency components across
multiple scales, then decomposing the results in a set of wavelet coefficients

that represent the signal's behavior at different levels of frequency detail.

e Thresholding: setting a threshold on the wavelet coefficients to differentiate
between significant features and noise helps in denoising the signal and
highlighting important features, making it easier to identify HIF-related

patterns.

e Analysis of Approximation Coefficients: by focusing on the approximation
coefficients obtained after wavelet decomposition. Significant changes in the
approximation coefficients, especially during fault conditions, may indicate the

presence of HIFs.

e Identification of Transients: Wavelet transform is effective in capturing

transient events in the signal. Identifying and analyzing transient features in the
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wavelet domain, HIFs may introduce sudden changes or transients in the

current waveform.

e Time-Frequency Localization: One of the advantages of wavelet transform is
its ability to provide time-frequency localization. Analyzing how the energy in
different frequency bands changes over time helps in identifying patterns

associated with HIFs.

e Pattern Recognition: by utilizing machine learning or pattern recognition
techniques to analyze the wavelet coefficients and classifying normal and fault
conditions. Training a classifier on a dataset that includes examples of normal

operation and HIF conditions.

e Multiresolution Analysis: Taking advantage of the multiresolution analysis
capability of wavelet transform to capture information at different levels of
detail, by which information from multiple scales can be valuable for detecting

faults with varying characteristics.

Wavelet transform provides a flexible framework for extracting relevant information
from signals, and its adaptability to both transient and steady-state conditions makes it
suitable for HIF detection. However, careful consideration of wavelet selection,
thresholding, and interpretation of the results is essential for a successful

implementation.

Usually HIFs are accompanied with variations in frequency spectrum along with
harmonic components, these components are of a non-stationary and time varying
nature because of the dynamics of arc faults. As a result, approaches such as Fractal
theorem, Wavelet transform and Kalman filtering which deal with time varying nature
of fundamental and harmonic components using feature extractors are very convenient

to recognize the pattern and identify HIFs.

Kalman filtering theory was used as an approach by some researchers for obtaining
the best estimation for time variation of fundamentals and harmonic components [32],
while others analyzed HIFs using fractal techniques [33]. On the other hand, wavelet
transform may be the most used technique for detection and analyzing HIFs in
distribution systems, some researchers used wavelet analysis filter banks by which
TACS switch controls the open/close loop of HIF in order to introduce asymmetry and

nonlinearity [34], others used multi-resolution analysis based on Morlet wavelet
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transform [35], while some used a combination of discrete wavelet transform (DWT)
along with RMS conversion and frequency range to apply a pattern recognition based

algorithm to detect HIFs [36].

Other techniques such as Crest factor, fault current flicker and Cross-Winger-Ville

distribution were also used as algorithms for detecting HIFs by some researchers.

2.2.2 Heuristic Approaches

2.2.2.1 Expert Systems

HIFs in power distribution systems may be difficult to detect using traditional methods
due to low current levels. Expert systems can be used to improve the detection of HIFs
by incorporating domain knowledge and rules based on the characteristics of such

faults.

Expert systems may be of different forms that might be designed for HIF detection,

some of them as follows:

e Knowledge Acquisition: Gathering domain knowledge from experts in power
systems and high impedance fault detection and identifying key features and
characteristics of high impedance faults, such as voltage fluctuations,

waveforms, and patterns associated with these faults.

e Rule-Based System: Developing a set of rules based on the acquired
knowledge to evaluate the system's behavior and defining rules that capture the
unique signatures of high impedance faults, considering factors like voltage

sags, transients, and spectral analysis.

e Data Acquisition and Preprocessing: Collecting data from the power
distribution system, including voltage and current waveforms then
preprocessing the data to extract relevant features that can be used in the rule-

based system.

¢ Inference Engine: Implementing an inference engine that uses the rules to make
decisions about the presence of high impedance faults, the engine should be
able to interpret the preprocessed data and apply the rules to identify potential

high impedance fault conditions.
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e Decision Making: Defining a decision-making process that considers the
results of the rule evaluation and incorporating a confidence level or certainty

factor to account for uncertainties in the data and rules.

e Feedback Mechanism: Implementing a feedback mechanism that allows the
expert system to learn and adapt over time, then using historical data to refine

the rules and improve the accuracy of the high impedance fault detection.

e Integration with Monitoring System: Integrating the expert system with the
overall power distribution monitoring system and ensuring that the expert
system can receive real-time data and provide timely alerts or

recommendations based on its analysis.

e Testing and Validation: Testing the expert system using simulated high
impedance faults and real-world data to validate its performance, then Fine-

tuning the rules and parameters based on the testing results.

Expert systems are programs that learn, adapt, invent and accumulate the combined
wisdom of a profession. These systems are considered to be one of the effective tools
used to detect HIFs, it was used by several researchers. For example, some researchers
developed a knowledge-based expert system to detect faults by monitoring frequency
changes [37], other researchers used the combination of several algorithms such as:
expert arc detector, energy, randomness detector, load analysis, load event detector,
load extraction, arc burst pattern analysis, spectral analysis, and arcing suspected

identifier algorithm, as an expert system in order to detect HIFs [38].

2.2.2.2 Neural Networks

An approach to detect HIFs that leverages machine learning to identify patterns
associated with such faults is using neural networks (NN). NN can be trained on data
containing examples of normal and fault conditions, learning to recognize the features

that indicate HIFs.
NN implementation can be divided to the following stages:

e Data Collection: Gathering data from power distribution systems, including
both normal and fault conditions, including information like voltage and

current waveforms, as well as any relevant features associated with HIFs.
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Data Preprocessing: Cleaning and preprocessing the data to extract relevant
features, it may involve techniques like normalization, filtering, and feature

extraction.

Dataset Labeling: Labeling data to indicate whether each instance corresponds

to a normal state or a high impedance fault.

Neural Network Architecture: Choosing an appropriate neural network
architecture, that could be a feed-forward neural network, a convolutional
neural network (CNN), or a recurrent neural network (RNN), depending on the

nature of the data.

Training: Splitting the dataset into training and validation sets, then training
the neural network using the labeled training data and adjusting the weights

and biases to minimize the difference between predicted and actual fault states.

Validation: Validating the trained neural network on a separate set of data that

it has not seen before to ensure it works well with new instances.

Testing: Testing the neural network on additional datasets, including simulated

faults and real-world data, to evaluate its performance.

Fine-Tuning: Fine-tuning the neural network based on testing results to

improve its accuracy.

Integration with Monitoring System: Integrating the neural network into the

power distribution monitoring system to analyze real-time data.

Alerts or Recommendations: Implementing a system for the neural network to

provide timely alerts or recommendations based on its analysis.

Adaptation and Learning: Implementing mechanisms for the neural network to

adapt and learn over time based on feedback and new data.

An important notice is that the success of NN depend on the availability of sufficient

data for training it. In addition, precise consideration should be given to the

interpretability of NN's decisions, especially in critical systems like power distribution.

Artificial Neural Networks (ANN) are also used to detect HIFs by some researchers.

ANN consists of several neurons to import input data called ‘input layer’ and a number

of neurons to export the output called ‘output layer’, also there may be a number of
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neurons in between the input and output layers that are arranged in layers called
‘Hidden layers’. For example, some researchers used ANN in HIF detection by
collecting samples of substation current during normal and abnormal feeder operation
which are used then to teach the neural network rules for fault detection [39-40], others
proposed an approach using ANN that has an advantage of using a small number of
necessary neurons, short measuring sliding data window and easy interpretation of

obtained output signals [41].

2.2.2.3 Neuro-Fuzzy Networks

Neuro-Fuzzy networks are a combination of neural networks and fuzzy logic, its aim
is to leverage the strengths of both fuzzy and neural networks in order to be able to

solve complex problems involving uncertainty, imprecision, and nonlinear relations.
Implementation of neuro-fuzzy network can be as follows:

e Data Collection: Collecting a dataset including examples of normal and fault
conditions in power distribution systems including relevant features such as

voltage and current waveforms.

e Data Preprocessing: Cleaning and preprocessing the data, extracting features
that are indicative of HIFs. This may involve normalization, filtering, and

feature extraction.

e Dataset Labeling: Labeling data to indicate whether each instance is a normal

state or a high impedance fault.

e Neuro-Fuzzy System Design: Designing the structure of the neuro-fuzzy
system typically involves combining a neural network with fuzzy logic

components.

e Fuzzy Rule Base: Developing a fuzzy rule base that captures expert knowledge
about HIFs and should express the relationships between input features and the

possibility of a fault.

e Membership Functions: Defining membership functions that characterize the
fuzzy sets associated with input and output variables, it helps in modeling the

uncertainty in the system.
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Training the Neuro-Fuzzy System: Training the neural network using the
labeled dataset, fuzzy logic components help in dealing with uncertainty,

allowing the system to handle imprecise information.

Validation: Validating the trained neuro-fuzzy system on a separate set of data

not used during training to ensure its generalization capabilities.

Testing: Testing the neuro-fuzzy system on additional datasets, including

simulated faults and real-world data, to evaluate its performance.

Fine-Tuning: Fine-tuning the neuro-fuzzy system based on testing results to

improve its accuracy.

Integration with Monitoring System: Integrating the neuro-fuzzy system into

the power distribution monitoring system to analyze real-time data.

Adaptation and Learning: Considering mechanisms for the neuro-fuzzy system

to adapt and learn over time based on feedback and new data.

Implementing neuro-fuzzy systems has an advantage that is their ability of modeling

complex, non-linear relationships while accommodating imprecision and uncertainty

present in real world.

Some researchers proposed a novel technique by which it makes comparative analysis

of feeder responses to pulses injected at the beginning of the feeder for different normal

and abnormal configurations, then an artificial neuron set composed of ‘neo-fuzzy’

neurons was trained to detect HIFs from normal events [42].

2.2.2.4 Fuzzy Logic

Using fuzzy logic to detect HIFs involves designing a system that can handle imprecise

and uncertain information.

Fuzzy logic approach can be implemented as follows:

Defining Input Variables: Identifying relevant input variables related to power
distribution system characteristics, such as voltage fluctuations, waveforms,

and patterns associated with HIFs.

Membership Functions: Defining membership functions for each input
variable, which describe how each input value contributes to different fuzzy

sets.
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e Fuzzy Rules: Developing a set of fuzzy rules based on expert knowledge or
empirical observations that should express relationships between the input

variables and the likelihood of a high impedance fault.

e Inference Mechanism: Implementing an inference mechanism that combines
the fuzzy rules to make decisions. Common methods include the Mamdani or

Sugeno models.

e Fuzzification: Applying fuzzification to the input variables, converting crisp

values into fuzzy values based on the defined membership functions.

e Rule Evaluation: Evaluating the fuzzy rules based on the fuzzy input values, it

also involves combining the fuzzy sets according to the defined rules.

e Aggregation: Aggregating the results from individual rules to obtain a fuzzy

output.

e Defuzzification: Applying defuzzification to convert the fuzzy output into a

crisp decision, which represents the probability or certainty of an HIF.

e Threshold Setting: Establishing thresholds to categorize the output into fault or
non-fault conditions. The choice of thresholds depends on the specific

requirements of the detection system.

e Testing and Validation: Testing the fuzzy logic system using simulated high

impedance faults and real-world data to validate its performance.

e Fine-Tuning: Fine-tuning the membership functions, rules, and thresholds

based on testing results to improve the accuracy of the HIF detection.

e Integration with Monitoring System: Integrating the fuzzy logic system with
the overall power distribution monitoring system, ensuring it can process real-

time data.

Fuzzy logic can model complex relationships and handle uncertainties in a rule-based
framework. Thorough testing and validation are crucial to ensuring the system's

effectiveness.

Some researchers developed a fuzzy logic decision making technique as an option to

improve DSTRP high impedance fault detection algorithm [43].
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2.2.2.5 Genetic Algorithm

Genetic algorithms can be used to detect HIFs, it involves optimizing a set of

parameters or rules to enhance the accuracy of the detection system.

Genetic algorithm for HIF detection can be implemented according to the following:

Defining the Detection Problem: Clearly defining the HIF detection problem

and the parameters or rules that need optimization.

Encoding Solutions: Representing potential solutions as individuals in a

population.

Initial Population: Generating an initial population of individuals randomly or

based on some prior knowledge.

Fitness Function: Defining a fitness function that evaluates how well an
individual (set of parameters or rules) performs in detecting HIFs, it should be

based on the accuracy of the detection system.

Selection: Selecting individuals from the current population to form a mating
pool based on their fitness. Individuals with higher fitness have a higher chance

of being selected.

Crossover (Recombination): Performing crossover (recombination) on pairs of
individuals in the mating pool to create new individuals, which mimics the

genetic process of combining information from two parents.

Mutation: Introducing mutations to some individuals in the population to add

diversity helps explore a broader search space.

New Population: Forming a new population using the individuals from

crossover and mutation.

Evaluating Fitness of New Population: Evaluating the fitness of the new

population using the fitness function.

Termination Criteria: Determining termination criteria, such as a maximum

number of generations or reaching a desired level of performance.

21



e Applying Results: Extracting the best-performing individual or set of
parameters from the final population as the solution to the optimization

problem.

e Integrating with HIF Detection System: Incorporating the optimized

parameters or rules into the HIF detection system.

e Testing and Validation: Testing the HIF detection system using simulated

faults and real-world data to validate its performance.

When the search space is large and complex genetic algorithms are particularly
efficient and precise. They mimic the process of natural selection and evolution to find
optimal solutions. In the situation of HIF detection, genetic algorithm can be applied
to optimize parameters or rules influencing the accuracy of the detection system. The
success of the approach depends on careful design of the encoding, fitness function,

and genetic operators, as well as thorough testing and validation.

Genetic algorithm is a metaheuristic optimization technique driven from process of
natural selection and evolution, it is well known to be used in places where complex
optimization and search problems need to be solved. That’s why some researchers
proposed this approach to detect HIFs, such as the detection method by using real
coded genetic algorithm (RCGA) in order to analyze harmonics and phase angles of

the fault current signals [44].

2.2.2.6 Combinations (Neural-Wavelet, Fuzzy-Genetic-Wavelet, Neuro-fuzzy-

Wavelet)

Combining different techniques, such as neural networks, fuzzy logic, genetic
algorithms, and wavelet analysis, can enhance the robustness and accuracy of HIF
detection systems. A variety of researchers went with the idea of combining several
approaches in order to improve the detection of HIFs and invent more reliable

techniques.

Some used a combination of wavelet and neural networks by which discrete wavelet
transform (DWT) was used to process for feature extraction and preparing data for

artificial neural networks for calculations and detection [45, 46].
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Others combined fuzzy logic, genetic algorithm, and wavelet transform as a
proposition to detect HIFs by which wavelet transform was used for feature extraction
and selection of fault current signal, while fuzzy logic was used as fuzzy inference
system for fault classification and the genetic algorithm was applied for input

membership functions adjustment.

While other researchers combined neural networks, fuzzy logic and wavelet transform
to detect HIFs, a wavelet multi-resolution signal decomposition method was used for
feature extraction, then features were fed to an adaptive neural fuzzy inference system

(ANFIS) for identification and classification [47].

2.3 Summary

In this chapter an introduction to power system faults was made, characterizing the
faults in two categories: Low Impedance Faults and High Impedance Faults. Then the
idea of HIF was discussed explaining what is a HIF and how it is a serious issue in
power distribution systems, its effect on the power system and living beings, its
characteristics and some pictures of real life events of HIF. After that, the different
approaches that are discussed before in literature were presented, these approaches
were divided into two types: Classical Approaches and Heuristical Approaches. All

approaches were discussed in details of how they were applied by researchers before.

As a conclusion HIF is a very serious issue that not only effect the power distribution
systems, but also have a severe effect on living being lives and result in destruction of
equipment and most of the times ends up in fire due to the produced arc resulting from
it. As for the detection approaches, from the classical approaches the wavelet transform
proved its dominancy over other approaches and most researchers in these days depend
on WT in their researches to develop and improve the detection methods. Even
heuristical approaches proved to be a good idea to detect HIFs in distribution systems,
but even in heuristical approaches wavelet transform is used and combined with other

approaches to improve and have more precise detection of the fault.
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3. WAVELET TRANSFORM

A wavelet transform (WT) is a mathematical tool used to analyze signals and functions
in both time and frequency domains. The basic idea of a WT is to decompose a signal
into small and well localized functions called wavelets. Unlike Fourier transform
which was the only tool available in the nineteenth century, which represents a signal
as the sum of sinusoidal functions with constant frequency, WT uses wavelets that are
well localized in time and frequency. This allows a more flexible representation of

signals with localized features or sudden changes.

WT has two main types: continuous wavelet transform (CWT) and discrete wavelet
transform (DWT). CWT is defined as a continuous wavelet function scaled and
translated across the signal, it provides a continuous analysis of the signal's frequency
content at different scales by representing the signal in terms of the scale and location
parameters. On the other hand, DWT is often more computationally efficient in
practical applications, it involves a discrete set of scales and translations, a signal is
decomposed into approximation coefficients (representing the coarse details) and
detail coefficients (representing the fine details) at different scales. This decomposition

is performed iteratively to create a multiresolution analysis of the signal.

Various applications need the use of WT such as signal processing, image
compression, data compression, and feature extraction. They are precisely suited for

analyzing signals that are characterized as non-stationary or time-varying.

3.1 History of Wavelet Transform

Development of wavelet theory and wavelet transform roots deeply in both

mathematics and signal processing.

The early concepts of wavelet turns back to the 1800s where the concept of analyzing
functions at different scales was introduced by mathematicians such as Joseph Fourier
the founder of the Fourier transform that analyses functions in the frequency domain.
In 1909, the Hungarian mathematician Alfred Haar introduced the first wavelet, Haar

wavelet was based on a simple, piecewise constant function. Haar's work laid the
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foundation for later developments in wavelet theory. In the 1980s, the French
mathematician and signal processing researcher Stéphane Mallat played a pivotal role
in the development of wavelet theory by introducing the concept of multiresolution
analysis and constructing wavelet bases that allowed for efficient representation of
signals at different scales. Mallat's work, particularly his book "A Wavelet Tour of
Signal Processing," contributed significantly to the popularization of wavelet

transforms.

Researchers like Yves Meyer, Ronald Coifman, and Ingrid Daubechies made
significant contributions to the mathematical foundations and practical applications of

wavelet transforms.

The 1980s and 1990s were crucial decades for the development and formalization of
wavelet theory. Several mathematicians and researchers made significant
contributions during this time where the formalization of the continuous wavelet
transform CWT and discrete wavelet transform DWT took place. In 1980 a
geophysicist called Jean Morlet introduced the Morlet wavelet, a complex-valued
wavelet that is widely used in signal processing. The Morlet wavelet has good
frequency localization and is particularly suitable for analyzing signals with oscillatory
components. After that, in 1985 Yves Meyer, a French mathematician that contributed
to the understanding of wavelet theory and its applications, introduced the concept of
"wavelet bases" and provided a mathematical foundation for the construction of
wavelets. In a 1987 paper, Christopher Brislawn formulated the concept of a discrete
wavelet transform and introduced the term "wavelet transform". His work helped in
overcoming the gap between continuous wavelet transforms and practical, discrete
implementations. In 1989, the French mathematician Stéphane Mallat published a
seminal paper titled "A Theory for Multiresolution Signal Decomposition: The
Wavelet Representation”, in which Mallat introduced the concept of multiresolution
analysis and provided a framework for constructing wavelets with desirable properties.
This work formed the basis for the development of both continuous and discrete
wavelet transforms. A Belgian mathematician that made significant contributions to
the theory of wavelets called Ingrid Daubechies developed a family of wavelets known
as Daubechies wavelets between 1988 and 1992, which are orthogonal and have
compact support. These wavelets played a crucial role in the development of the

discrete wavelet transform (DWT) and its efficient implementation.
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Wavelet transforms contributed numerous applications in various fields, including
signal and image processing, compression, denoising, and feature extraction. The
ability of wavelets to capture both time and frequency information with good
localization made them attractive for analyzing non-stationary signals. DWT gained
prominence due to its computational efficiency and was widely adopted in practical

applications.

Wavelet transforms continue to be an active area of research, with ongoing efforts to
refine techniques, develop new wavelet functions, and explore applications in diverse

fields such as data analysis, image processing, and machine learning.

3.2 Wavelet Transform in Mathematics

The mathematical representation of a wavelet is , it is a square integral function of

Hilbert space L*(R).

Wavelet transform is of two types: the continuous wavelet transform (CWT) and the

discrete wavelet transform (DWT).

3.2.1 Continuous Wavelet Transform (CWT)

A continuous wavelet transform (CWT) is a mathematical technique used to analyze
the frequency content of a continuous signal over both time and scale. CWT provides
a distinctive feature compared to the traditional Fourier analysis by which it examines

the local behavior of a signal simultaneously in both time and frequency domains.

CWT uses a wavelet function, denoted as y(¢), which is a small, oscillatory waveform,
which is often chosen to be localized in both time and frequency. It acts like a
"window" that can be adjusted to different scales and positions. The wavelet function
is then dilated and translated to analyze the signal at different scales and positions. The
scale parameter (a) controls the width of the wavelet, and the translation parameter (b)
determines its position along the signal. A CWT equation is denoted by equation 3.1

below.

ewren = [ o () a G
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Where f(t) is the continuous signal being analyzed, and *(t) is the complex
conjugate of the wavelet function. The integral is taken over all time, and the result is

a two-dimensional function in the a-scale and b-translation space.

High values of |CWT (a,b)| indicate regions in the signal where the wavelet closely
matches a portion of the signal at a particular scale and position. Varying a and b can

view how different scales and positions contribute to the signal.

CWT is particularly useful for analyzing signals with non-stationary or time-varying
characteristics, so it is used in various applications, including signal processing, feature

extraction, time-frequency analysis, and image processing.

The main drawback of CWT lies in the computational complexity and redundancy.

3.2.2 Discrete Wavelet Transform (DWT)

A continuous wavelet is used for analyzing and processing discrete signals in a way
that captures both high and low-frequency components at different resolutions, it is

generally obtained by sampling the continuous wavelet transform.
Signal Decomposition:

DWT decomposes a discrete signal x[n] into approximation coefficients (a;[n]) and
detail coefficients (dj[n]) at different scales (or levels j). At each level of
decomposition, the signal is split into two components: the approximation,
representing the low-frequency content, and the detail, capturing the high-frequency
content. Decomposition is achieved using a pair of low-pass and high-pass filters
(h[n]) and (g[n]) respectively. The signal is convolved with these filters to obtain the

approximation (a;j+;[n]) and detail (d;+;[n]) coefficients by equations 3.2 and 3.3.

@ 41[n] = Zkh[k] .a;[2n — k] (3.2)

d11[n] = Zkg[k] .q;[2n — k] (3.3)

After convolution, the signal is downsampled by a factor of 2 to reduce its length and
prepare for the next level of decomposition, decomposition process is repeated
iteratively until the desired level of resolution is reached or until the signal cannot be

further decomposed. The original signal can be reconstructed from the approximation
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and detail coefficients using a synthesis process, which involves upsampling and
convolution with the corresponding synthesis filters. Approximation coefficients
(aj[n]) capture the low-frequency content, while the detail coefficients (dj[n]) capture
the high-frequency content. DWT provides a multiresolution analysis of the signal,

meaning that it represents the signal at different levels of detail and resolution.

DWT is particularly useful in the field of signal and image processing for tasks such
as compression, denoising and feature extraction. The ability of DWT to represent
signals in a hierarchical and localized manner makes it useful for analyzing signals

with both smooth and rapidly changing components.
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Figure 3.1 : Wavelet Transform Signal Decomposition

3.3 Mother Wavelet Types

Mother wavelets, which are also known as analyzing wavelets or basis functions, are
used to decompose signals into different scales and frequencies. Mother wavelets come
in various forms and types each with unique characteristics and applications, the most

used mother wavelet types are the following:

3.3.1 Haar Wavelet

Introduced by Alfred Haar in the early 20™ century, the Haar wavelet is considered the
simplest and most basic wavelet used in wavelet analysis, it has a simple piecewise
constant shape as shown in the figure 2 below. It is considered the building block of
the more complex wavelets. As mentioned before a Haar wavelet function is a
piecewise constant that takes the value of +1 in one half of its support interval and -1

in the other half.
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1for0<t< %
So Haar wavelet is defined as follows: —1 for % <t<1

0 otherwise
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Figure 3.2 : Haar Wavelet

It has good localization properties in both time and frequency domains. Its support in
the time domain is confined to a small interval, and it is capable of representing step-

like discontinuities in signals.

Haar wavelet is not commonly used in practical applications, but it is often employed
for educational purposes to illustrate the basic concepts of wavelet analysis, it provides
a foundation for understanding the principles of wavelet transforms and serves as a

launch or introduction to more complex wavelets.

3.3.2 Daubechies Wavelets

Daubechies wavelets which are named after the Belgian mathematician Ingrid
Daubechies are a family of orthogonal wavelets. They are widely used in signal
processing and image compression due to their desirable properties, such as
orthogonality, compact support, and good time and frequency localization. The
Daubechies wavelet types are denoted by a number N, determining the degree of the
wavelet and the number of vanishing moments. Figure 3 represents the various types

of Daubechies wavelets.
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Figure 3.3 : Daubechies wavelet types

Daubechies wavelet family consists of two functions, a wavelet function (y(¢)) and a
corresponding scaling function (¢4(¢)). The wavelet function is used for high-pass
filtering (capturing details), while the scaling function is used for low-pass filtering
(capturing trends). Daubechies wavelets are of various orders, denoted by dbl, db2,
db3.....db10, each corresponding to a different number of vanishing moments. For
example, db1 is equivalent to the Haar wavelet, db2 has two vanishing moments, db3
has three vanishing moments, and so on. The vanishing moments essentially controls
the smoothness of the wavelet function. The more vanishing moments a wavelet has,
the smoother it is. Smoother wavelets are better suited for capturing smoother features
in a signal, while wavelets with fewer vanishing moments are better at capturing sharp

changes or discontinuities in the signal.

Applications using Daubechies wavelets are signal processing, image compression,
denoising and solving partial differential equations, choosing a specific wavelet
depends on several requirements such as smoothness, vanishing moments, and support

length as per a particular application.

3.3.3 Biorthogonal Wavelets

Biorthogonal wavelets are a type of mother wavelets that works with two wavelet
functions, one for decomposition (analysis) and another for reconstruction (synthesis).
This helps in greater flexibility in adapting to specific signal characteristics and
applications. These functions are considered filters where the analysis and synthesis
filters are referred as low-pass and high-pass filters. Biorthogonal wavelets are
designed to satisfy specific orthogonality conditions between the analysis and

synthesis filters, in order to ensure that the energy of the signal can be accurately
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represented during both decomposition and reconstruction. They are considered
flexible in design due to the use of different filters for analysis and synthesis. Different

types or shapes of biorthogonal wavelets are shown in figure 4 below.
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Figure 3.4 : Biorthogonal wavelet types

Biorthogonal wavelet transforms can be used in various fields, including signal
processing, image compression, and data analysis. They are especially used in
applications where the characteristics of the signal may be better captured by different

functions for analysis and synthesis.

3.3.4 Coiflet Wavelets

“Coherent wavelets” or as known as Coiflet wavelets are another family of mother
wavelets, they are very suitable for applications where preserving the smoothness of a

signal or image is important since they are designed to have compact support and high
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level of smoothness. Coifflets wavelets are considered a sub-type of orthogonal
wavelets, since they use separate wavelet functions for analysis and synthesis which
allows greater flexibility and adaptability to different signals. Since their wavelet
functions have finite non-zero values within a specific range and are zero elsewhere,
Coiflet wavelets are considered to have compact support, giving them the advantage
in applications where localized information is important, such as in image
compression. Coiflet wavelets have different types, such as Coifletl, Coiflet2, etc.,
each with variations in their properties, the number associated with the Coiflet name
corresponds to the number of vanishing moments. Figure 5 presents different types of

Coiflet wavelets.
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Figure 3.5 : Coiflet wavlets types

Smoothness of Coiflet wavelets leads to them having higher degree of regularity in
their oscillations, which can be useful when processing signals or images with smooth
variations. Coiflert wavelets are mainly used in applications for signal processing tasks
such are signal denoising, compression and feature extraction, and they are also used
in image compression algorithms , where the ability to represent images in a compact

form is vital.

3.3.5 Symlet Wavelets

Symlet wavelets, short for “symmetric” wavelets, are another type of mother wavelets
that are used in signal processing and image compression. They are designed to
combine the properties of both orthogonality and symmetry. Similar to Coiflet
wavelets, Symlet wavelets are considered a sub-type of biorthogonal wavelets, using

different functions for analysis and synthesis.

Symlet wavelets have different types, such as Symlet2, Symlet4, etc. The number
associated with the Symlet name indicates the number of vanishing moments and
influences the smoothness of the wavelet. Figure 6 presents the different types of

Symlet wavelets.
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Orthogonality of Symlet wavelets means that the wavelet functions are orthogonal to
each other, which is beneficial for preserving energy and aiding in signal analysis.
Symmetry is also an important characteristic of Symlet wavelets, they have mirror
symmetry, which is an advantage in applications where signal features are

symmetrically distributed.

3.3.6 Morlet Wavelet

Adrien Morlet, a French mathematician is the founder or Morlet wavelet. This type of
wavelet is commonly used in signal processing and time-frequency analysis. Morlet
wavelet is a complex-valued wavelet, it has both real and imaginary components,
which is particularly useful in capturing both amplitude and phase information of a
signal. It also has an oscillatory shape, resembling a sine wave with a Gaussian
window. Combining frequency localization (sine wave) and time localization
(Gaussian window) makes it suitable for analyzing signals with distinct frequency
components. Morlet wavelet can be adjusted to different frequencies, allowing it to be
tuned to specific frequency bands of interest, making it useful for analyzing signals

with varying frequency content. Figure 7 shows the Morlet wavelet.
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Figure 3.7 : Morlet Wavelet

Morlet wavelet's combination of time and frequency localization makes it a very useful
tool for analyzing signals with non-stationary and time-varying frequency
characteristics. It is used in several domains, including signal processing,

neuroscience, and geophysics.

3.3.7 Meyer Wavelet

Meyer wavelet belongs to the family of compactly supported wavelets and is designed
to have certain desirable properties, such as symmetry, regularity, and compact

support, it is often used in signal denoising and compression.
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Figure 3.8 : Meyer Wavelet

Meyer wavelet is designed to be regular, ensuring smoothness in its oscillations, it is
also it is considered symmetric, which means its wavelet function is mirror-symmetric

around a central point.
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3.3.8 Gaussian Wavelet

Typically, a Gaussian wavelet refers to a wavelet derived from a Gaussian function

which is a bell-shaped curve that is characterized by its symmetry and smoothness.

A Gaussian wavelet is created by using a Gaussian function g(t) as the basis of the

wavelet. The Gaussian function is defined as follows:

t2

e 207
N (3.4)

g() =

Where t is the time variable, ¢ is the standard deviation (controlling the width of the

bell curve), and & is the mathematical constant.

Gaussian wavelets provide good frequency localization in the time-frequency domain.
They are of finite support by which they don't drop to exactly zero at some finite
distance. However, a truncated version is often used for particular purposes, resulting

in a wavelet with compact support.

Gaussian wavelets are particularly useful in tasks where a smooth and well-localized
wavelet is desired. Applications include signal processing, image analysis, and feature

extraction.
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4. HIGH IMPEDANCE FAULT MODELING

4.1 High Impedance Fault Modeling Review

A precise simulation of HIFs is essential for the implementation of effective HIF
detection techniques. HIF model data should include a variety of characteristics of real
life HIFs such as asymmetry, randomness, nonlinearity and dynamic qualities of arcing

phenomena.

Generally HIF models are divided into 2 groups; the first group consists of every model
that is based on Emanuel model that was proposed in 1990 based on the sparks nature
due to contact between the conductor and the ground [48]. The second group refers to

other HIF models.

4.1.1 Emanuel Model (1990)

In 1990, Emanuel et al. proposed a HIF model which consists of two DC sources
connected in parallel with opposite polarities, each DC source is connected in series
with a diode to simulate nonlinearity of voltage and current of HIFs as shown in figure

4.1. This model relies on laboratory measurements and theoretical components.
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Figure 4.1 : Emanuel HIF model 1990[48]
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4.1.2 Improved Emanuel Model (1993)

In 1993 Emanuel model was edited as to consider nonlinearity in earth impedance, so
the resistance and inductance of the original Emanuel model were replaced with two

nonlinear resistances each connected in series with the dc source and diode on each

¥

ﬂ

T T

side [49] as shown in figure 4.2.

Figure 4.2 : Improved Emanuel model (1993)
4.1.3 David Chan Model (1996)

In 1996 David Chan et al. proposed a new model formed of two time-variable voltage
power supplies and a nonlinear impedance along with a Transient Analysis of Control

Systems (TACS) controlled switch based on the arc theory [50].
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Figure 4.3 : David Can Model (1996)
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As shown in figure 4.3, V; is the input arc re-ignition voltage, Vi is the peak applied
voltage and V: is the arc voltage, T. is the time between the applied voltage zero
crossing and arc re-ignition point and At is the time of arc conduction in one half cycle,
switches 1 and 2 are conventional time-controlled switches operating in order to
disconnect the feeder from the load and connect to the fault path, switch 3 is the TACS

controlled switch.

4.1.4 S. R. Nam Model (2001)

In 2001 S. R. Nam presented a HIF model based on nonlinearity, asymmetry as well
as buildup and shoulder. This model consists of two series connected time varying
resistors (TVR) , a TACS controlling them in (EMTP) Electromagnetic Transient

Program as shown in figure 4.4 [51].

Fault Paint
pre——
A1t
Cotrolled
by TACS
R2(t)

Figure 4.4 : S. R. Nam Model (2001)

One TVR is used to simulate buildup and shoulder characteristics from the waveforms
is transient state after HIF, the second TVR is to represent nonlinearity and asymmetry

from voltage-current characteristic for one cycle in steady state after HIF occurrence.

4.1.5 T.M Lai Model (2003)

T.M Lai et al. proposed a simplified Emanuel model based on arcing in sandy soil in
2003 as shown in figure 4.5 below. Inception voltage of air in soil and/or between trees
and the distribution line is represented by the two DC sources, R1 and R2 are unequal

resistances which can represent fault resistances and generate asymmetric fault
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current. If the phase voltage is higher than DC1 voltage, then fault current flows
towards the ground. While when the phase voltage is lower than DC2 voltage, fault

current reverses. Phase voltages between DC1 and DC2 are considered non-faulty and

(s
1(0

fault current does not flow [52].

R1
R2

De ] — ==—DC2

v

Figure 4.5 : T.M Lai Simplified Model (2003)

4.1.6 Yong Sheng and Steven M. Rovnyak Model (2004)

In 2004, Yong Sheng and Steven M. Rovnyak proposed a model that has a more

dynamic and random nature of HIF, as shown in figure 4.6 [53].

T

i

Figure 4.6 : Yong Sheng & Steven M. Rovnyak Model (2004)
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This model consists of two DC sources that change amplitudes every half-cycle, two

nonlinear resistors and two diodes.

4.1.7 A.R Sedighi Model (2010)

A.R Sedighi proposed a new model consisting of several Emanuel arc models

connected in parallel in 2010, as shown in figure 4.7.

ﬂK} t1 EK) t2 Sha 3 ﬂK} 14 ﬂk: L] ﬂK) t5 4 M Toft

:Ei Y :Ei Y :Ei Y :Ei Y ZE' 'H. :Ei Y :Ei Y

Rp Rn Rp Rn Rp R Rp Rn Rp Rn Rp Rn

Vo Vi Vp Vi Vo Vi Vo Vi Vo Vi Vo Vi
1 2 3 4 o] &

Figure 4.7 : A.R Sedighi Model (2010) [54]

Random state of HIF is produced using STATISTIC switch in EMTP. The state of on
and off on arc is shown in the sixth arc model. Arc parameters depend on previously

recorded current and voltage data [54].
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5. PROPOSED TEST SYSTEM

5.1 Proposed HIF Model

Implementing HIF models and simulating them is not an easy task, since there is no
perfect specific model to design HIFs due to their nonlinear and asymmetric
characteristic; since HIFs are usually accompanied with an arc, the model should
include random and dynamic qualities of arcing. T.M Lai simplified HIF model has
been the most widely used model for simulation and experiments in HIF detection
techniques, as it combines most of the advantages of other models and maintains

simplicity and accuracy.

The proposed model used in this thesis for simulation of HIF detection is based on
T.M Lai simplified HIF model that is shown in figure 5.1 below, it includes two DC
sources DC1 and DC2, with voltages Vp and Vn respectively, representing the arcing
voltage of air in soil and/or between trees and the distribution line; two resistances R1
and R2 placed between two diodes D1 and D2, representing the resistance of trees

and/or the earth resistance.

Figure 5.1 : T.M Lai Simplified Emanuel Model
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The proposed model is used as a basic model and variable resistances are used as R1
and R2, since the resistance in HIFs is not stable and it keeps on varying up and down,
a sample resistance values R1 and R2 are represented in table 5.1 below [55]. From
the table it can be seen that the average resistance is between 250 and 260 ohms, and
the average variation in resistance is around 10-15%. These values and variation in
resistance are interpreted in MATLAB Simulink environment. A custom DC1 and
DC2 values are set to 3862V and 3284V respectively. DC sources are inverse-parallel,

and the same is applied to the two diodes D1 and D2.

Table 5.1 : Table 1 Simplified Emanuel Model R1&R2 Parameters [55]

5.2 Proposed Test System

In order to test and simulate the proposed HIF model and HIF detection technique, a
basic distribution system is used as the test system in this study, which consists of a
33kV generator connected to a 33/20kV two winding transformer, transmission lines,

and a static load. Properties of the test system are shown below in table 5.2.

Table 5.2 : Table 2 Test System Settings

System Voltage 20KV
System Frequency 50 Hz
Load 800KW
Transmission line length 20km
Transmission line Resistances 0.01273Q/km
Transmission line Inductances 0.9337mH/km

44



The single line diagram of the distribution system with and without fault are

represented in figures 5.2 and 5.3

Transformer .
— st 2 3 se Tr.
Generator 33V/20KV phase Transmission Lines

33KV .
k | 20Km | ..

S B

Figure 5.2 : Distribution system in normal condition

Generator Transformer
0V
33kV 33KV/20kV

3 phase Transmission Lines

Load
20Km | 800 KW

(O— I w&| J

Figure 5.3 : Distribution System with HIF
5.3 Implementation in Simulation Program

For the aim of testing, computer simulation is done by the help of MATLAB R2022b
and Simulink.

5.3.1 Implementation of HIF Model in MATLAB

A 33kV source was connected to a 33/20kV transformer, which is connected to a
transmission line, then the proposed HIF model is connected to one phase of the
transmission line as shown in figure 5.4. Simulation is done to extract the properties

and test the efficiency of the model.
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Figure 5.4 : HIF implementation in MATLAB/Simulink

%10

HIF Voltage (V)

60 -40 -20 0 20 40 60
HIF Current {A)

Figure 5.5 : V-I Characteristic of HIF Model

V-I characteristic curve shown in figure 5.5 shows that a nonlinear relationship

between voltage and current of the HIF model is present, which is the targeted relation.

Figures 5.6 and 5.7 represent the voltage and current signals of the HIF model.

46



15F f) f\ fA [

us-|||||||||i|!||||

Voltage (V)
(=]

=
w

time (sec)

Figure 5.6 : Voltage signal of HIF model
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Figure 5.7 : Current signal from HIF model

The random variation of resistance of HIFs introduces asymmetry to the fault current,
and due to arc interruption at natural current zero, shoulders are present at zero

crossings, which is well observed in the current signal of the HIF model shown in

figure 5.7.

5.3.2 Implementation of Test System in MATLAB

In order to simulate and test the proposed system in section 5.2 in MATLAB, a 33kV

three-phase source is connected to a two windings 33/20kV transformer that is in turn
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connected to a V-I measurement block to record three-phase voltage and current. A
three phase pi section line block is used to simulate a transmission line of 20 KM
length. Another V-I measurement block is connected to the transmission line block
and to a static load represented by a three-phase RLC 800KW load. The system is
grounded with low resistance grounding to control the ground fault and limit the
ground fault current in order to prevent damage to equipment in case of a ground fault
by tripping the protective devices. The purpose of low resistance grounding is to

immediately cut the power to the circuit in case of fault, it also reduces overvoltage.

Implementation of the test system with and without HIF is displayed in figures 5.8 and
5.9.
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Figure 5.8 : Simulink Distribution System Model (No Fault Condition)
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Figure 5.9 : Simulink Distribution System Model (HIF Condition)
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5.4 Proposed HIF Detection Method

The proposed algorithm to detect HIFs in this thesis depends on wavelet transform
analysis, precisely on discrete wavelet transform (DWT) which is known to be a great
technique for analyzing signals in the time-frequency domain, it is capable of
providing the time and frequency information simultaneously. Faults such as HIFs
have significantly low current values and exhibits highly nonlinear characteristics
which leads to presence of harmonics and high frequency components, and wavelet
transform is known for being a precise tool for extracting disturbances from a signal
which in our case is the high frequency components. WT is also able to provide Multi-
Resolution analysis (MRA) in frequency and time, which is a substantial feature for
analyzing transient signals and faults. DWT is used instead of CWT, since DWT is
simpler yet has a very similar precision and results as CWT with much faster time-
frequency analysis. DWT is modelled by using a multistage filter with the mother
wavelet as the low pass filter and it’s dual as the high pass filter, the results of high
pass filters are called approximations and that of low pass filters are called details, in
HIF detection details are the point of interest which will be seen further in the next

chapter.

As a mother wavelet, the Symlet wavelet was chosen, specifically the ‘sym5’ is used.
The reason of choosing symlet as a mother wavelet is that Symlets are beneficial for
preserving energy and aiding in signal analysis. Moreover, they can be effective in
extracting important features from signals, making them valuable in applications such
as pattern recognition and classification. Furthermore, they are considered versatile
and can adapt to different signal characteristics, including signals with abrupt changes
and discontinuities, which makes them suitable for analyzing signals that have features

such as edges or spikes.

A 5-level MRA decomposition is applied to analyze the current signals and extract its
features.

5.4.1 Algorithm Description

The proposed HIF detection algorithm is based on the analysis of the 5th level detail
of the DWT performed on the current signals extracted from the transformer secondary

winding. The algorithm can be summarized as follows:
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Extract current signals at transformer secondary for all phases and neutral.

. Perform DWT/MRA on current signals for all phases and neutral using ‘symS5’

as mother wavelet and a 5-level decomposition
Extract and plot detail d5 coefficients of the three phase currents and neutral
Calculate energy of detail d5 EDS5 for all phases and neutral

. Plot the area variation curve for the d5 coefficients and integrate and calculate

the average slopes of all phases and the neutral.

Threshold slope Si=80 is determined by doubling the maximum slope in the
normal operating conditions taking into consideration an unbalanced load

switching.

Compare slopes of the neutral and threshold slope and determine whether a

HIF or unbalanced load switching is occurring.

In case of HIF, Compare energies and determine if single or double phase to

ground HIF.

Trip faulty phase(s).
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5.4.2 Flowchart

A flowchart of the proposed algorithm is shown in figure 5.10.

Extract Current
Signals

!

Perform Discrete

Wavelet
Transform
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Energies EDs Calculate Slopes
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Single Phase to Double Phase to
Ground HIF Ground HIF

!

Determine Faulty
Phase and Trip

!

Figure 5.10 : Flowchart of Proposed HIF Detection Algorithm

Determine Faulty
Phase and Trip
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6. COMPUTER SIMULATION STUDIES FOR TESTING THE PROPOSED
METHOD

In this chapter, circuit simulations and results are discussed for normal conditions,
unbalanced load switching, and HIF conditions. Testing and simulation of the
proposed method on these events was carried out using MATLAB 2022b program for

coding along with Simulink for model build up and simulations.

6.1 Verifying The Use of 5-Level MRA

In this section the implemented HIF model discussed in section 5.3.1 is simulated, and
DWT with a 5-level MRA using the “sym5” wavelet as the mother wavelet is
performed. The results are illustrated in figure 6.1, which shows the approximation

and detail coefficients at each level of decomposition.

Appraximation(s) Details)

R | i
TG | o -
e
b w »)m u u)
M

Figure 6.1 : Approximations and details at each level of decomposition
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o
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As depicted in figure 6.1, the 5th level detail coefficients reveal the signal disturbances
most prominently. Therefore, the fifth level detail coefficients are utilized for

monitoring signals in this study.
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6.2 Test Cases and Results

6.2.1 Case 1: Normal Operation With No Disturbance (No Fault)

The first case study is the normal conditions of the distributed system, a balanced three
phase load of 800kW power is connected to the system and no disturbances of any
type is present. D5 coefficients of all phases and neutral at the secondary of the
transformer are plotted in figure 6.2, it is clear that no high frequency components are

present in this case (no disturbance)
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Figure 6.2 : Case 1 d5 coefficients at all phases and neutral under normal operating
conditions

After that, area variation curve is calculated and plotted in figure 6.3 and the values
are integrated and the slope variation graph is plotted in figure 6.4. The average slope
at each phase and the neutral is calculated and the results are as follows: S,=39.77,

Sp=28.72, S¢=36.7, and S is nearly equal to zero.
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Figure 6.3 : Case 1 Area Variation Curves under normal operating conditions
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Figure 6.4 : Case | Slope Variation Curves under normal operating conditions

Energy levels of details at level 5 decomposition are also calculated and the plot is
shown in figure 6.5. Energy levels at each phase and neutral are as follows: ED5a

=76.9, ED5b = 8.29, ED5¢c = 40.3, ED5n = 0.
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Figure 6.5 : Case 1 Energies at level 5 under normal operating conditions
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6.2.2 Case 2: Unbalanced Load Switching

The second case study is an unbalanced load switching condition, balanced three phase
load of 800kW of the previous case is switched to an unbalanced load as follows:
P:=1000kW, P,=500kW, P.=1300kW at time=0.3 seconds. Then at time=0.6 seconds
the load is returned to the balanced condition. D5 coefficients of all phases and neutral
at the secondary of the transformer are plotted in figure 6.6. Instantaneous high
frequency components are present at the instant of connecting and the instant of

disconnecting the unbalanced load.
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Figure 6.6 : Case 2 d5 coefficients at all phases and neutral under unbalanced load switching

After that, area variation is calculated and its plot is shown in figure 6.7. The values
are integrated and the slope variation graph is plotted in figure 6.8. The average slope

at each phase and the neutral is calculated and the results are as follows: S;=31.29,

Sp=15.74, Sc=40.4, and S,=21.9.

Time (sec)
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Figure 6.7 : Case 2 Area Variation Curves under unbalanced load switching
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Figure 6.8 : Case 2 Slope Variation Curves under unbalanced load switching

It is observed that a small increase in area variation occurred when switching on and
switching off the load, and after that the variation becomes stable. Also slopes had

instantaneous increase at switching on and off and then returned to normal.

Energy levels of details at level 5 decomposition are also calculated and the plot is
shown in figure 6.9. Energy levels at each phase and neutral are as follows: ED5a =

81.9, ED5b = 1833.5, ED5c = 5001.16, ED5n = 1499.12.
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Figure 6.9 : Case 2 Energies at level 5 under unbalanced load switching

As observed energy is present in the neutral due to current flow in it as a result of

unbalanced load.
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6.2.3 Case 3: HIF at Phase A

The third case study is a HIF condition, a HIF is connected to phase A and fault is
introduced to the system at time = 0.5 seconds. The HIF model parameters are as
follows: Vp=3862v, Vn=3284v, Rp=250Q, Rn=260L2, the resistors are adjusted to
have 10% variable change in value. D5 coefficients of all phases and neutral at the
secondary of the transformer are plotted in figure 6.10. High frequency components
appear in the faulty phase and neutral at the instant of connecting the fault and keep

on being present during fault.
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Figure 6.10 : Case 3 d5 coefficients at all phases and neutral under single phase HIF

Then, area variation is calculated and its plot is shown in figure 6.11. The values are
integrated and the slope variation graph is plotted in figure 6.12. The average slope at
each phase and the neutral is calculated and the results are as follows: S,;=3415,

Sb=28.2, Sc=26.8, and S;=3410.
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Figure 6.11 : Case 3 Area Variation Curves under single phase HIF
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Figure 6.12 : Case 3 Slope Variation Curves under single phase HIF

It is observed that at fault instant, area variation curve of faulty phase and neutral
started increasing and kept on increasing during fault. And slopes at faulty phase and

neutral increased instantaneously at fault instant and kept fluctuating during fault.

Energy levels of details at level 5 decomposition are also calculated and the plot is
shown in figure 6.13. Energy levels at each phase and neutral are as follows: ED5a =

24339.6, ED5b = 8.4, ED5c = 40.4, ED5n = 24165.6.
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Figure 6.13 : Case 3 Energies at level 5 under single phase HIF

Energy is present in all phases, but is much higher in the faulty phase and neutral due
to the presence of high frequency components in their d5 coefficients. Unfaulty phases
energies are considered relatively zero because of the huge difference in energies
between them and the others. In the case of single phase HIF EDs, and EDs of the

faulty phase are almost approximately equal to each other.
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6.2.4 Case 4: HIF at Phases A and B

The fourth case study is also a HIF condition, two HIF models are connected to phases
A and B and are introduced to the system at time = 0.5 seconds. HIF model parameters
are the same as in the previous case. d5 coefficients of all phases and neutral at the
secondary of the transformer are plotted in figure 6.14. High frequency components
appear in faulty phases and neutral at the instant of connecting the fault and keep on

being present during fault.
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Figure 6.14 : Case 4 d5 coefficients at all phases and neutral under double phase HIF

Area variation is calculated and its plot is shown in figure 6.15. The values are
integrated and the slope variation graph is plotted in figure 6.16. The average slope at
each phase and the neutral is calculated and the results are as follows: S;=3434.7,

S=3612.88, Sc=27.3, and S,=5558.4.
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Figure 6.15 : Case 4 Area Variation Curves under double phase HIF
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Figure 6.16 : Case 4 Slope Variation Curves under double phase HIF

It is observed that at fault instant, area variation curve of faulty phases and neutral
started increasing and kept on increasing during fault. And slopes at faulty phases and

neutral increased instantaneously at fault instant and kept fluctuating during fault.

Energy levels of details at level 5 decomposition are also calculated and the plot is
shown in figure 6.17. Energy levels at each phase and neutral are as follows: ED5a =

24530.2, ED5b =30019.7, ED5c = 40.5, ED5n = 44392.2.
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Figure 6.17 : Case 4 Energies at level 5 under double phase HIF

Energy is present in all phases, but is much higher in the faulty phases and neutral due
to the presence of high frequency components in their d5 coefficients. The unfaulty
phase energy is considered relatively zero because of the huge difference in energies
between it and the others. In case of two phase HIF EDs, becomes the highest of all

energies EDs of other phases.
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6.2.5 Case 5: HIF at Phase B

The fifth case study is also a HIF condition, The HIF model parameters were changed
as to be as follows: Vp=5193v, Vn=5242v, Rp=400€2, Rn=420Q, the resistors are
adjusted to have 10% variable change in value. The model is connected to phase B and
is introduced to the system at time = 0.5 seconds. Ground resistance was also increased
in this case. d5 coefficients of all phases and neutral at the secondary of the transformer
are plotted in figure 6.18. High frequency components appear in the faulty phase and

neutral at the instant of connecting the fault and keep on being present during fault.
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Figure 6.18 : Case 5 d5 coefficients at all phases and neutral under phase B HIF

Area variation is calculated and its plot is shown in figure 6.19. The values are
integrated and the slope variation graph is plotted in figure 6.20. The average slope at
each phase and the neutral is calculated and the results are as follows: S.=28.7,

Sp=2133.8, Sc=30.4, and S,=2112.23.

68



8 Area Variation of la

w1000 T T T T T T T T T

G

E 500+ 4

3

'l‘E"" 0 i i i i ; i i i i

S [i] 01 02 03 04 05 0.6 0T 0.8 09 1

o Time (sec)

8 Area Variation of Ib

w 1000 T T T T T T T T —F

= T

E 500 T E

5 o

I‘E"‘ o I I I I — I I I

S [1] 01 02 03 04 05 0.6 0T 0.8 09 1

B Time (sec)

8 Area Variation of Ic

w1000 T T T T T T T T T

G

E 500+ 4

3

E o i I I i i i L . .

S 1] 01 02 03 04 05 0.6 0T 0.8 09 1

o Time (sec)

8 Area Variation of In

w 1000 T T T T T T T T -

5 p

E 500 i e == 4

P

I‘E"‘ o I L I I e I I I

S [1] 01 02 03 04 05 0.6 0T 0.8 09 1
Time (sec)

Figure 6.19 : Case 5 Area Variation Curves under phase B HIF
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Figure 6.20 : Case 5 Slope Variation Curves under phase B HIF

At fault instant, area variation curve of the faulty phase and neutral started increasing
and kept on increasing during fault. And slopes at faulty phase and neutral increased

instantaneously at fault instant and kept fluctuating during fault.

Energy levels of details at level 5 decomposition are also calculated and the plot is
shown in figure 6.21. Energy levels at each phase and neutral are as follows: ED5a =

77.2, ED5b = 8326.28, ED5c = 30.4, ED5n = 8118.6.
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Figure 6.21 : Case 5 Energies at level 5 under phase B HIF

Energy is present in all phases, but is much higher in the faulty phase and neutral due
to the presence of high frequency components in their d5 coefficients. The unfaulty
phases energies are considered relatively zero because of the huge difference in
energies between them and the others. In case of single phase HIF EDs, is

approximately equal to EDs of the faulty phase.

6.3 Comparative Performance Analysis

6.3.1 Limitations of The Proposed Algorithm

After conducting several tests and simulations, some limitations to the proposed

method were detected.

For higher fault current (lower impedance levels) the algorithm worked perfectly
without any limitation. But, for lower fault current (higher impedance levels) some
issues started appearing. Everything works totally fine and the algorithm gives great
results for fault currents above or equal to 10A, which means resistances below 2000€2.
For currents between 5.5A and 10A (2000Q2<R<5000€2) the algorithm still works but
on a risky margin because very low high frequency components are present in the d5
coefficients. While current levels below 5.5A (R>5500Q2) are successful in terms of
HIF detection, but high frequency components are very low in the d5 coefficients

(around 0, resulting in relatively low average slope levels in the neutral and in addition
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to very similar energy of details levels in all phases and neutral, resulting in failure in

detecting the faulty phase.

An example of the limitation is illustrated below, HIF is injected to phase B, and its
resistances are set as follows: Rp=6000€2, Rn=6100€2, and voltages of the model are
Vp=3862V and Vn=3268V. The results are shown in figures 6.22, 6.23, 6.24 and 6.25.
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Figure 6.22 : d5 coefficients at all phases and neutral (limitations)

Area Variation of la

i i i i i i i i i
0.4 0.5 0.6 07 0.8 09 1
Time (sec)
AreaVariation of Ib
T

=
=
g
=
& ]
=
=]

04 05 06 o7 08 09 1
Time (sec)
Area Variation of Ic
T T T

[=]
[=]
=
[=]
Pa
[=]
[

i i i i i i i i i
04 05 06 [H 08 09 1
Time (sec)
Area Variation of In
T

=
=
iy
=
=]
=
%]

i i i i i i I i
01 02 03 04 0.5 0.6 07 08 0.9 1
Time (sec)

Cumsum of |d5| Cumsum of [d5] Cumsum of [d5] Cumsum of [d5]

(=]

Figure 6.23 : Area variation curves (limitations)
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Figure 6.24 : Slope variation curve (limitations)
Average slope at each phase and neutral are as follows: S,=25.16, Spy=101.5, Sc=24.8,
and S;=95.65.
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Figure 6.25 : Energies at level 5 (limitations)

Energy levels at each phase and neutral are as follows: EDs. = 76.88, EDs, = 49.67,
EDsc = 40.3, EDs, = 39.64.
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Fault current in this case was around 4.8A, as seen in figure 6.22 high frequency
components are very low, from that the area variation curve in figure 6.23 shows a
very slight increase with time resulting in average slope levels relatively low,
moreover from figure 6.25 it is clear that all energies at all phases and neutral are
relatively small. Faulty phase energy level (Phase B) is lower than that of phase A,

which gives false interpretation of the algorithm and the wrong phase would be tripped.

This limitation could be due to many reasons, one of them is that the HIF model may
not be very good in responding to high resistance levels as a consequence low current
levels. The simplified Emanuel model used in this study is based on arcing in sandy
soil, and according [56], HIF current in such cases is around 10A, and according to
other references such as [57], HIF current in dry soil is around 20A and for wet soil it

1s around 40A.

In conclusion, the limitation is most probably from the HIF model that does not

properly interpret a HIF in cases of faulty current below 5A.

6.3.2 Comparative Performance

This part compares between the proposed method and other methods and it is divided
into two parts: Comparison with conventional protection and Comparison with other

algorithms.

6.3.2.1 Comparison With Conventional Protection

Traditional protection devices like overcurrent protection and distance protection face
challenges in detecting High Impedance Faults (HIF) for various reasons. For instance,
overcurrent protection relies on current level measurements, triggering system
shutdown when currents surpass a predefined threshold. However, HIF typically
generate low fault currents, rendering the detection inadequate. Distance protection,
reliant on analyzing system impedance, encounters difficulties in detecting HIF due to
their high impedance values. This can result in overreach or under reach in fault
detection, leading to potential misinterpretation between HIF and normal load

fluctuations.

6.3.2.2 Comparison With Other Algorithms

Fourier transform for HIF detection in power systems has limitations, it lacks precise

time and frequency resolution, posing challenges in identifying the exact occurrence
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of transient events like HIFs. Furthermore, Fourier assumes signal stationary, but HIFs
are often intermittent, resulting in non-stationary behavior that Fourier analysis may
struggle to handle effectively. Moreover, the smearing effect in Fourier can spread
energy across multiple frequency bins, making it challenging to distinguish between
different frequency components and accurately characterize transient event
characteristics. Additionally, Fourier's sensitivity to sampling rate may affect
accuracy, potentially causing the misinterpretation of signals and missing transient

events.

As for Artificial Intelligence (AI) and Machine Learning (ML), such heuristic
approaches like genetic algorithm, neural networks and fuzzy logic algorithms can be
trained to recognize patterns associated with HIF based on historical data, such
methods need extensive training datasets which is expensive. Furthermore, studies

employing these methods are very few and still limited.

In studies that leverage wavelet transform analysis to detect HIF, most authors often
concentrate on the detection of HIF rather than discrimination. In this study both
detection and discrimination of HIF are points of interest, resulting in better precision

and better performance for this algorithm.

Comparing limitations between this algorithm and other algorithms is not applicable

due to the lack of information about limitations of the other algorithms.
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7. CONCLUSIONS AND RECOMENDATIONS

7.1 Contributions

This Master of Sciences research thesis shed the light on a very important and vital
issue that may be the most controversial problem in distribution systems, which is the
High Impedance Fault. That is because of the difficulties and challenges in the process
of detecting such faults, due to the randomness and relatively low fault current they
produce. In this study a new HIF detection algorithm is proposed, which is based on
wavelet transform, specifically discrete wavelet transform. DWT is used for
multiresolution analysis of the current signals extracted at the transformer secondary

of the system which are derived from computer simulation.

In the proposed algorithm, discrete wavelet transform with ‘sym5’ mother wavelet and
a 5-level multi resolution analysis is done, then the energies of the fifth detail at each
phase and the neutral are calculated. Also the area variation graph was extracted along
with a slope variation graph, and after that average slopes were calculated and
compared to a threshold value to detect if there was a fault or other conditions. Average
slope values along with energies of details (EDs) are used to come up with an algorithm
for detecting HIFs. Testing of the proposed method is performed by simulation using

MATLAB and Simulink 2022b software.

The simulation results of 5 different cases tested in this thesis, indicate that a potential
precise HIF detection algorithm was proposed. The proposed algorithm was successful
in differentiating between an unbalanced load switching condition and a HIF situation.
Moreover, the proposed method proved to be precise in detecting if a single phase HIF
or double phase HIF is occurring from different energy values, in addition to detecting
the faulty phase or phases present in the system. Some limitations appeared in
simulation which are that the algorithm was able to detect HIF but failed in detecting
the faulty phase for low current levels, specifically currents below SA, which may be

due to a modeling problem in the HIF model.
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As has been demonstrated in this paper, HIF can be detected by DWT analysis. DWT
is considered a relatively simple, fast and easy to implement in real life compared to

other techniques, and appears to be applicable in real time detection systems.

Compared to other literature studies based on wavelet transform, this study employs
two distinct approaches to detect and discriminate HIF. The first approach involves a
5-level decomposition using Discrete Wavelet Transform/Multiresolution Analysis
(DWT/MRA). This decomposition is used to develop a progression for deriving and
integrating with respect to time, resulting in average slope values. These values serve
as a fault index for detecting HIF. The second approach entails calculating the energy
of the 5th level detail coefficients of the DWT/MRA analysis (d5 Coefficients) to
discriminate and detect the faulty phase. The combination of these two approaches
enhances precision in decision-making. Furthermore, in contrast to other studies, this
research considers both fault detection and discrimination, rather than focusing solely

on one aspect.

7.2 Future Work

The development and implementation of the HIF detection algorithm proposed in this
thesis is still at its first stages. Due to the fact that a HIF is very difficult to be modeled
in a perfect way, computer simulation results carried out by MATLAB and Simulink
may not be that precise and may be different than real life situations. A real life testing
and analysis must be performed in order to verify the precision of the proposed
algorithm. Moreover, simulation was done on a simple distribution system, so the
algorithm should also be tested on more complicated systems and more sophisticated
cases should be considered. Lastly, a future work to find the fault location can be done

to increase the reliability of this algorithm.
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