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Modeling and Event-Driven Processing Based Elucidation of the
Power Quality Disturbances in smart grids

SUMMARY

Power Quality (PQ) disturbances cause rigorous issues in classical and smart grids, 

combine both renewable and conventional power sources, and industries. The performance 

of power networks can be noticeably affected by these intermittent events. The sustainability 

of the energy supply can be significantly disturbed. Moreover, it can cause damage to 

appliances and industrial machines. The identification of PQ disturbances and effective 

prevention of such events are essential. The first research step in these studies is to collect 

or effectively model different types of PQ disturbances signals. Later on, these can be used 

for the PQ disturbances interpreting systems training and performance quantification. The 

recording and collection of such signals is not an easy task. To overcome this limitation a 

common trend is the generation of real-like signals from the mathematical models.  

 

The working steps of this thesis are to firstly identify and employ the existing potential 

PQ disturbances mathematical models. In second step these models are implemented in 

MATLAB. The output of this MATLAB model serves as the database and is used for the 

proposed system parameterization and performance quantification. In third step, signal 

reconstruction is performed in order to realize quasi analog signals. In this context mature, 

precise, cubic-spline and interpolators based signal reconstruction algorithms are 

evaluated. In fourth step, the reconstructed signals are acquired by using the MATLAB 

based event-driven sensing models. The acquired signal is segmented by using novel event-

driven signal selection techniques. Afterwards, the segmented signal pertinent features are 

extracted by using an effective time-domain and hybrid parameters extractor. These 

features are later on used to prepare templates, testing instances and to train the considered 

classification algorithms.  
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The idea is based on smartly combining the event-driven signal acquisition and 

segmentation along with local features extraction and classification for realizing an efficient 

and high precision solution. The system performance is tested and the findings are reported 

in four case studies. It is shown that the solution proposed achieves the first order of 

magnitude reduction in the total sample count as compared with conventional equivalents. 

It indicates a major performance advantage and reliability when compared to peers in terms 

of power consumption and data transmission of the suggested solution. The suggested 

system achieves high automatic accuracy in reconnaissance of PQ signals. It shows the 

advantages of using the suggested approach to realize computationally efficient and cost-

effective elucidators for automated PQ disturbances. A novel development is the use of 

event- sensing and processing techniques to contribute to the realization of new 

computationally effective strategies for detecting and minimizing PQ disturbances. 

 

 We assume that it will result in energy efficient and simple hardware realizations as 

compared to the counter classical sensing and processing based approaches. This Study is 

well aligned with the 2030 vision of Saudi Arabia and can be well integrated in the NEOM 

smart metering system. The solution has a potential and it could be commercialized in 

collaboration with the authorities and the industrial partners in Saudi Arabia. 

 
The summary of the thesis consists of 490 words and written in 1.5 spaced between the 
rows. 

Keywords: Event-Driven Processing; Time-Domain Features Extraction; Power Quality (PQ)
Disturbances; Compression Gain; Classification..
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ARABIC SUMMARY

د  طاة و اطر تسبشادد، ذية كليكية شبكا مي ةطا صا

يدتق متجد مك متقطعة. د هذ حو شك طاة بكا ء تأر  مك .اصنا ة

ص  هز   تسب  مك ،  ى ل بير. د إى طاة دإ تدة عط.يةنا

حدد ضر ةطا و اطرذ  ى بحثية خطو .د ذ ث  فعاة واة

اإ  ختفة ما شكي  م  ادةطا و اطرهاتخد مك ،    .

تفسيرم سجي ء. حدد نظ د، قيد ذ ى تغ هة. همة يس ا ذ ث

راية نما  وعية شب اإ ويد و شتر جا نا. 

محتمة. اطرل حاية راية نما يو حدد ً  رة ذ  عم طو 

 ذ طبي ت ثاية خطو  نماارلما مو رإ عم .لماايا دقا ذ

ناء اإ إرء ت ، ثاثة خطو  ء. قدر نظا عاير حدد  ستخداحقي  

، سيا ذ  نارة. ب اإقيي تا ناء اإ ياووحةخطو  ديقة.

 حد ى معتمد تشعا ما تخدا ناا يد ت ا ى حصو ت ، .مالرعة

 ميز تخر ت ،  عد .حد ى بنية اإ تيا قنيا تخدا مكتسبة ا قسي ت

 اا عاصة ستخر تخدا مجزد    ميز ذ تخد ت .نز مجا

مدة تصني ياو د تبا ا نما.  

تخر  ن إى نبًا قسيمها حد ى عتمد ت ا تسا ي ذاء جم إى فكر ستند

ة   نظا ا تبا ت ، ى مر  دة. ا عا  تحقي صنيفها محية ميز

ت حقي ت .نتا ر ت ، حد نهاة ل  عينا متر عد  حج يتق  ير

نظا طاة تهل ي  بير عاجة عاية كا ى ؤد و .ييدتق انظرء قاة مبتكر

قاة مقترر متوظمة مقتر نظا حظى إا. اة  ، ٍا عر طاةة و

اطر حسنا تحقي مقتر ح تخد ود و .فئا طاةلية و حساية ية

حساية كفاء.  

ناية  عا دد ه حقي  مسامة   د حرها ت معاجة تشعا قنيا تخد

اطر تحدد طاةحساية وحقي إى يؤ   فتر ح سيطةرقةخفيفها. جاإ

 يككل تشعاا قاةً هز تخد عكسقةطرةد ذ تماى معاجة. ى قامة

عا سعوة عرية ممكة ة  يد شك2030 ذ قيا ظا  ًيد جها مكيو .دنة

إكاا  حابيريةعر ممكة  ييصنا شراء طاس  تعاا قسو مكةسعو.  

 

 

 



9
 

ACKNOWLEDGEMENTS

I would like to thank the Almighty God who always has a stake in any activity with a 

successful outcome. Special thanks to Dr. Saeed Mian Qaisar for giving me the chance to 

do my research under his supervision. I have been deeply inspired by his vision, 

motivation, and continuous guidance. I would also like to thank him for providing his full 

support whenever is required.  

 

I would also like to extend my thanks to the Electrical and Computer Engineering 

Department chair, Dr. Aziza Ibrahim and the College of Engineering dean Dr. Akila. I am 

also grateful to all members of the teaching and non-teaching staff at the Effat University 

Engineering Department they were always willing and ready to assist when I needed their 

help.  

 

Finally, my appreciation will be incomplete without thanking the biggest source of my 

support and motivation, my family, for their valuable contribution, inspiration, and 

encouragement to helping me achieve this point of my life. I would like to thank them for 

putting up with me in tough times when I felt stumped and for continuing to fulfill my

vision of getting my master’s degree. This will not have been possible at all times without

their love and encouragement were given to me.  

 

Thank you 

 

 

 

 

 

 

 

 



10
 

DECLARATION

I hereby declare that this Thesis titled “Modeling and Event-Driven Processing Based

Elucidation of the Power Quality Disturbances in smart grids” is based on my original

work except quotations and citations which have been duly acknowledged. I also declare that

the proposed dissertation has not been previously or concurrently submitted for the award of

any degree, at Effat University, any other University or Institution.

Name of the Student: Raheef Ahmed Aljefri

Date: 22 April 2020  



11
 

TABLE OF CONTENTS

APPROVAL PAGE ........................................................... Error! Bookmark not defined.

SUMMARY ...................................................................................................................... 6

ARABIC SUMMARY ...................................................................................................... 8

ACKNOWLEDGEMENTS ........................................................................................... 9

DECLARATION .......................................................................................................... 10

TABLE OF CONTENTS ............................................................................................ 11

LIST OF TABLES......................................................................................................... 13

LIST OF FIGURES ...................................................................................................... 14

LIST OF ABRIVIATIONS........................................................................................... 15

CHAPTER 1 .................................................................................................................. 16

INTRODUCTION ....................................................................................................... 16

1.1. Overview ...................................................................................................... 16

1.2. PROBLEM STATEMENT......................................................................... 17

1.3. Importance and Motivation......................................................................... 17

1.4. Objective ...................................................................................................... 20

CHAPTER 2 .................................................................................................................. 22

BACKGROUND AND LITERATURE REVIEW .................................................... 22

2.1. Background.................................................................................................. 22

2.2. Types of PQ disturbances ........................................................................... 26

2.3. Reasons of generation of these PQ disturbances........................................ 27

2.4. Power quality disturbances monitoring techniques.................................... 29

2.5. Facilities effected by power quality disturbances ....................................... 30

2.6. PQ Disturbances model: ............................................................................. 30

2.7. Feature extraction:.................................................................................... 32

2.7.1. Wavelet Packet Decomposition(WPD):.................................................. 32

2.7.2. Wavelet Transform(WT): ......................................................................... 34

2.7.3. S-Transform: .............................................................................................. 35

2.7.4. Short-time Fourier transform: ................................................................ 35

2.7.5. classification Techniques ......................................................................... 37

CHAPTER 3 .................................................................................................................. 40

METHODOLOGY ....................................................................................................... 40

3.1. Power Quality (PQ) disturbances Model................................................ 40



12
 

3.2. Signal Reconstruction ............................................................................... 43

3.3. Event-Driven Sensing................................................................................ 46

3.4. The Event-Driven Segmentation ............................................................. 47

3.5. Features Extraction ................................................................................... 49

3.5.1. Time domain feature extraction ............................................................. 49

3.5.2. Frequency domain feature extraction.................................................... 50

3.6. Classification .............................................................................................. 54

3.6.1. Method 1: k-NN classifier .................................................................... 54

3.6.2. Method 2: Naïve Bias................................................................................. 55

3.6.3. Method 3: Support vector machine ................................................... 56

3.6.4. Method 4: Voting base classifier ........................................................ 56

3.7. Evaluation Measures................................................................................. 58

3.7.1. Compression gain .................................................................................. 58

3.7.2. Classification accuracy ......................................................................... 59

CHAPTER 4 .................................................................................................................. 60

RESULTS....................................................................................................................... 60

4.1. First Study: ................................................................................................... 63

4.2. Second Study: ............................................................................................... 65

4.3. Third Study: .................................................................................................. 68

4.4. Extended for 6-Classes of PQ disturbances .................................................. 71

CHAPTER 5 .................................................................................................................. 77

DISCUSSIONS ................................................................................................................ 77

CHAPTER 6 .................................................................................................................. 79

CONCLUSIONS AND FUTURE WORK .................................................................. 79

REFERENCES ............................................................................................................. 81

APPENDICES............................................................................................................... 86

Publication: ............................................................................................................ 86



13
 

LIST OF TABLES

 

Table 1 Compression gains results using voting base classifier ....................................... 65

Table 2 Classification Accuracy results using voting base classifier ............................... 65

Table 3 Compression gains results using voting base classifier ....................................... 67

Table 4 Classification Accuracy results using voting base classifier ............................... 68

Table 5 Compression gains results using K-nn classifier ................................................. 70

Table 6 Classification Accuracy results using K-nn classifier ......................................... 70

Table 7 Summary of the Compression Gains ................................................................... 73

Table 8 Accuracy for the six–class PQ Signals recognition ( k–NN ) .............................. 74

Table 9 Accuracy for the six–class PQ Signals recognition ( Naive Bias ) ...................... 74

Table 10 Accuracy for the six–class PQ Signals recognition ( SVM ) ............................. 75

Table 11 Accuracy for the six–class PQ Signals recognition Voting Base Approach ..... 76

 



14
 

LIST OF FIGURES

Figure 1 Electric power grid ............................................................................................. 22
Figure 2 Types of PQ disturbances ................................................................................... 26
Figure 3 Sources of power quality issues ......................................................................... 28
Figure 4 Power quality monitoring techniques to measure different parameters. ............ 29
Figure 5 Facilities Affected by Power Quality ................................................................. 30
Figure 6 Wavelet Packet Decomposition ...................................................................... 33
Figure 7 Third Level of Wavelet Decomposition ............................................................. 34
Figure 8 Short-time Fourier transform .............................................................................. 36
Figure 9 The system block diagram .................................................................................. 40
Figure 10 Sampling operation in the time and frequency domains [18]. .......................... 44
Figure 11 Event-Driven Sensing ....................................................................................... 46
Figure 12 The sequence of a activity windowing process ................................................ 48
Figure 13  Features Extraction Classification .................................................................... 49
Figure 14 The ASM chart for choosing Frsi and a filter from the reference filters bank for 
Wi. ..................................................................................................................................... 52
Figure 15 k-NN classifier .................................................................................................. 55
Figure 16 Hyperplane ........................................................................................................ 56
Figure 17 The classifier ASM chart. ................................................................................. 58
Figure 18 The PQ instances for Pure Signal, Sag, Swell and Interruption. ...................... 60
Figure 19 The PQ instances for Harmonics, Harmonics with Sag and Harmonics with 
Swell.. ............................................................................................................................... 61
Figure 20 The PQ disturbances waveforms (Pure signal, Sag and Interruption) digitized 
with a 4-Bit resolution EDADC ........................................................................................ 64
Figure 21 The PQ disturbances waveforms (Pure signal, Sag and Interruption) digitized 
with a 4-Bit resolution EDADC ........................................................................................ 66
Figure 22 The PQ disturbances waveforms (Pure signal, Harmonic with Sag and 
Harmonic with Swell) digitized with a 4-Bit resolution EDADC .................................... 69
Figure 23 The PQ signals instances digitized with a 4–Bit resolution EDADC for Pure 
Signal, Sag, Swell and Interruption. ................................................................................. 72
Figure 24 The PQ signals instances digitized with a 4–Bit resolution EDADC for 
Harmonics with Sag and Harmonics with Swell. ............................................................. 72
 
 



15
 

LIST OF ABRIVIATIONS
 

ADALINE

Adaptive linear combiner, 27

ADC

Analog to digital converter, 41

ANN

Artificial Neural Network, 15, 23

ARSTFT

Adaptive Resolution STFT, 51

ASA

Activity Selection Algorithm, 46

DAC

Digital to analog converter, 41

DG

Distributed generation, 19

DWT

Discrete Wavelet Transform, 15

EDADC

Event driven analog to digtal

converter, 45

EDS

Event-driven Sensing, 45

FFT

Fast fourier Transform, 23

HT

Hilbert Transform, 27, 34

KF

Kalman Filtering, 27

KNN

K-Nearest Neighbor, 15

LCSS

Level Crossing Sampling Scheme, 48

NB

Naive Bais, 36

PQ

Power Quality, 5

PSoC

Programmable System on Chip, 75

PV

Photovoltaic, 29

RESs

renewable energy sources, 16

RF

Random Forest, 36

RMS

Root Mean Square, 39

SLI

Simplified Linear Interpolation, 49

STFT

Short time fourier transform, 33

SVD

Singular value Decomposition, 34

Singular Value Decomposition, 23

SVM

Support Vector Machine, 15

UPS

uninterrupted power supply, 16

WPD

Wavelet Packet Decomposition, 15

 



16
 

CHAPTER 1

INTRODUCTION

1.1. Overview

 Power Quality (PQ) disturbances are regularly founded in electrical grids, 

and they leads to critical problems in power delivery which can cause losses. They 

might originate from damage or inaccurate operation of equipment,installed in the 

grid [1]. PQ disturbances appear because of the use PQ of nonlinear loads such as 

adjustable speed drives, transformers, and photovoltaic inverters [2], [3]. 

Consequently, if the PQ problems are not correctly detected, analyzed and mitigated, 

then they can cause failures of many sensitive loads connected to the system. The 

result might be significant losses [4],[5].  

 The identification of PQ disturbances and effective prevention of such events 

are essential [6]. In this framework, vital aspects are a precise understanding and a 

real-time treatment of the PQ disturbances [7]A variety of studies exists in this field 

[6],[7],[8]. The first research step in these studies is to collect different types of PQ 

disturbances. Later on, these can be used for the PQ disturbances interpreting 

systems training and performance quantification. 

 In literature, the pertinent features of disturbances have been extracted by 

using a variety of features extraction techniques like Discrete Wavelet Transform 

(DWT), Wavelet Packet Decomposition (WPD), S-Transform, etc. [9], [10]. 

Extracted features of the PQ events are employed by the classification techniques 

for automatic identification. In this framework, various robust algorithms are 

employed like K-Nearest Neighbor (KNN), Support Vector Machine (SVM), 

Artificial Neural Network (ANN), etc[7][9][11]. 

 This work focuses on enhancing the existing PQ disturbances elucidators by 

redesigning their associative data acquisition and processing chain. The focus is to 

improve the data acquisition, processing, and classification modules of the current 

PQ disturbances elucidators. The employed materials and methods are described in 



17
 

Section II. The suggested system appealing features are illustrated with the help of 

results in section III. Section IV concludes the paper. 

 

1.2. PROBLEM STATEMENT

The domain of studying the PQ disturbances is gaining interest because the 

electricity customers are demanding a higher quality power supply. The quality of 

power supply is diminished because of the PQ disturbances like voltage sag, voltage 

swell with and without harmonics, momentary interruption, harmonic distortion, 

flicker, notch, spike and transients. The PQ disturbances can cause issues such as 

electrical equipment malfunctions, instability, short life, and breakdown. 

1.3. Importance and Motivation

 Following the vision of 2030 to maximize the potential of renewable energy 

in Saudi Arabia, the NEOM project contributes in developing renewable energy 

projects, it's located in a rich area of wind and solar energy, providing an ideal 

environment. This method leads to increase the quality of life and environment 

which is one of NEOM project goals[12], [13]. 

 

The integration of renewable energy sources and distributed generation in a 

standard power system is one of the major sources of PQ disturbances. Because 

constant production cannot be generated from RESs with consideration to common 

energy sources, maintaining the system equilibrium and voltage stability is 

challenging. 

 

Significant changes in a business environment have developed the use of 

sensitive electronic components, computers, programmable logic controllers, 

protection and relaying equipment which has increased power consumptions [13]. 

Increasing consumer expectations with the requirement of green supply around the 

globe, where the integration of renewable energy sources to the distribution grid is 

the focus area of the smart grid, electrical power systems are supposed to deliver 
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power supply continuously at high quality to the customers. The economy of any 

country suffers from huge failures when there are voltage or current abnormalities 

present in power delivery. Any deviation/disturbance manifested in the voltage, 

current, and frequency from the standard rating is treated as a power quality (PQ) 

problem that results in failure or malfunctioning of electrical/electronic equipment 

[14]. 

 

  Power quality disturbances increase the risk of black-out; especially 

because of the failure of interdependencies between sub-networks and associated 

dynamical propagations. To prevent these issues customers are willing to invest in 

the on-site equipment to ensure a greater level of quality suppliers such as 

uninterrupted power supply (UPS) and stabilizers even though these are very 

costly[15]. It shows the importance of power quality towards the economic 

distribution of energy.  

 

Renewable energy integration and smart transmission systems, well 

equipped with modern control equipment, increase the applications of nonlinear 

and electronically switched devices distribution systems which exaggerate 

problems such as harmonics, flicker, voltage sag/swell, voltage regulation, load 

unbalancing and deviations in phase as well as frequency. Several solid-state 

electronic/power-electronic devices have been developed, studied and proposed to 

the international scientific community to improve supplied power quality in the last 

two decades[16].  

 

This causes increased operational and planning complexity of electricity 

supply networks which requires increased attention for the quality of power supply 

[17]. The temporary quivering are also seen in power networks when power 

electronically controlled capacitors are turned across a node/bus. The harmonics 

and power sinusoids modulated by low-frequency signals are also recognized in 

electrical networks due to sudden changes in the operating conditions such as load 

disturbances, network contingencies, and output of renewable energy sources [18].  
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These events may impose penalties to the consumers in terms of supporting 

ancillary services ‘ costs such as cost of reactive power, re-dispatch cost and load 

curtailment cost to remove the disturbing load. Therefore, PQ events need to be 

monitored and mitigated to maintain the standard of supply and economic operating 

conditions. In complex and large power systems, during operations, a huge amount 

of measured PQ events data make analysis difficult for monitoring programs. 

Therefore, a smart tool and methodology are required for the detection and 

classification of this data for clear and smart understanding to the utilities, 

regulators, and customers about the operating specifications under sudden change 

of working conditions [19]. 

 

The term power quality (PQ) is usually applied to a wide category of 

electromagnetic phenomena occurring within a power system network [14]The 

ability of the power systems to deliver undistorted voltage, current and frequency 

signals is termed as the quality of power supply [20]. Unexpected variation of the 

voltage or current from normal characteristics can damage or shut down the critical 

electrical equipment designed for a specific purpose. Such variations happen in 

electrical networks with a high frequency due to a competitive environment and 

continuous change of power supply. In a highly evolved electrical system PQ, 

sensitive demands can be classified as 

• the digital economics (such as banking, share market, and railways). 

• continuous process manufacturing industries. 

• fabrication and essential services. 

 

 The cost incurred to operate all the above types of loads vary from 3 to 120 per 

kVA per event [20]. This is huge and greatly affects the economic operation of 

power industries. To mitigate PQ issues; customers are also provided with some 

back-up instruments apart from grid supply [17].  
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PQ event recognition requires the placement of intelligent PQ monitoring 

instruments in the power system. PQ monitoring characterizes these PQ events at a 

particular location, which are mostly non-stationary in nature.  

Intelligent monitoring is necessary today in saving the time of power engineers for 

detecting and classifying disturbances in the power system and to solve PQ issues 

between utilities and consumers. 

 

For the research in automatic classification and recognition of power quality 

events, the power quality standards, time-frequency analysis, and machine learning 

algorithms are considered. PQDs can be mitigated to some extent by the application 

of several types and combinations of active/ passive filters and compensators. To 

avoid disturbances and their specific causes, continuous monitoring of voltage / 

current waveform patterns and instantaneous constraints must be analyzed. 

Although, the waveform event data collection and manual monitoring are by PQ 

analyzers are not much reliable and so also requires substantial computational time 

and resources. 

 

In consequence, automatic and intelligent algorithm based measures are 

adopted essentially for the detection, recognition, and classification of PQDs. This 

intelligent monitoring and analysis may also lead to help with the purpose of re-

establishing and preserving the abnormal power supply in a fraction of seconds 

without even slight interruption. Likewise, at troubleshooting from power 

generation to utilization systems, fault forecasting and issues with integration of 

distributed generation (DG’s) systems in the power system can also be managed. 

1.4. Objective

In order to improve the performance of power quality the PQ disruptions need 

to be recognized in a practical distribution system in a real-time before appropriate 

mitigating measures can be taken. This thesis suggests an original approach, based 

on event-driven processing, for time-domain PQ signals features extraction and 
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recognition. The idea is to exploit the input signal non-stationary nature by using 

the event-driven sensing and processing. 
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CHAPTER 2

BACKGROUND AND LITERATURE REVIEW

2.1. Background

Electricity plays a very important role in the human growth. One of the greate

st achievements is the invention of electricity. It is the electrical grid that is 

responsible for proper energy transmission and distribution. Figure 1 shows a 

general Power Grid model with all of the key components of the Electric power 

grid from generation to distribution. there are three major parts of the electrical 

grid-generation, transmission and distribution.  

 

 

 

 

o Power generation: Several power plants produce electricity using 

various types of renewable and non-renewable sources: coal, gas, wind 

turbines, nuclear power plants, solar power plants. A generator produces 

the electricity with a small supply of the sources according to market 

demand. Electricity demand is determined by the study of electricity 

requirements by different sectors of consumption.  

Figure 1 Electric power grid
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o Power distribution: The network of electric distribution system carries 

electricity from the generator and supplies it to consumers. Electrical 

distribution takes place through distribution stations and line 

transmission. Power management should be such that the transmission 

process causes minimum loss of electricity. Some portion of energy gets 

lost because of the heat generated in the transmission lines. 

 
Power system operation  

 

o Power generation parameters observation:  

o Identification of power quality disturbances: 

o Power disturbances mitigation:  

 

Renewable generation is non-dispatchable and unstable due to varying nature of 

renewable energy resources with high variability. As the rate of renewable 

generation penetration increases over time, these high fluctuations are raising 

serious concerns about power quality [22]. Renewable energy is becoming a 

significant contribution to our global world, but its incorporation into the power 

grid faces considerable technological challenges. Power quality is an essential 

feature of integration with renewable energy [22]. The key concerns regarding 

power quality are:  

 

1) variations in voltage and frequency caused by uncontrollable variability in 

renewable energy supplies. Due to the everchanging weather conditions, the 

intermittent existence of renewable energy supplies contributes to voltage 

and frequency fluctuations at the interconnected power grid. 
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2) Harmonics generated by electronic power devices used in the development 

of renewable energy; When the level of penetration of renewable energy is 

high, harmonics may have a major impact. 

 

Power quality (PQ) relates to the maintaining of the measured magnitude and 

frequency of the sinusoidal regulated voltage and the power system current [23]. 

Any power quality disruption would be affecting the system's efficiency. Many 

parameters may characterize the quality of the power such as service reliability, 

voltage variability, transient voltages and currents, harmonic content [24].  

In order to describe the impact of power quality issues, we can state that the 

poor quality of electricity contributes to wasted power and economic waste [25]. 

There are five main categories of disturbances: voltage instability, interruptions of 

voltage, flicker, transients, and harmonic distortion. 

  

o Voltage Fluctuation is one of the major power quality issues, representing 

variations in voltage amplitude. 

o Voltage Sag relates to reducing the value of the supply voltage [26].  

o Voltage Swell effect applies to the momentary rise of the voltage beyond 

the usual levels. 

o  Transient is an energy pulse for a limited duration. Usually, it's triggered 

by a rapid shift in the state, including surges.  

o ‘‘long time voltage Interruption '' This issue applies to the overall voltage

or load current disruption or reduction over a few milliseconds to one or 

two-second duration[27] 

o Noise is the combination of high-frequency signals with the power system's 

dominant waveform. It could also induce data loss [28]. 

o Flicker is the voltage fluctuation that comes from the power supply. 

o  

The impact of issues relating to power quality may impact different equipment and 

systems. It can cause both the economic burden and the failure of machinery. The 
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overall impact will affect all kinds of facilities: high cost, medium cost, low cost 

[23] 

 

Renewable sources create significant technical challenges to the power 

system while being a potential source of clean energy. Proper monitoring is 

important to guarantee a consistent level of power quality and analytical devices 

are commonly used for efficiency of the power [29]. 

 

Harmonics affect electricity output and damage equipment safety It is important to 

optimize the harmonic signals to improve the quality of power. 

There are several harmonic analysis approaches for optimizing power quality:  

o Fast Fourier Transform (FFT)[29]. 

o Singular Value Decomposition (SVD)[30].  

o Artificial Neural Network (ANN)[31] 

The distributed monitoring system for power quality is important for the 

identification of power quality problems [32]. 
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2.2. Types of PQ disturbances

Power Quality has become a big concern in modern smart grid environments. There 

are several forms of disturbances that can affect the quality of power that can be effectively 

detected, localized, and graded. One of the main factors for the analysis of power quality 

is the development of power quality standards. There are two groups of standards 

commonly available: IEEE and IEC. Classifications of power quality problems as per IEEE 

1159 standards are shown in figure 2.[23] 

 

 

 

 

Figure 2 Types of PQ disturbances 
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• Transient: Is an energy pulse of brief duration. It normally results from a rapid 

change of state, such as surges. This sudden transition will take place in the 

steady state of voltage, current or both. 

• Voltage Fluctuation: showing voltage amplitude changes. "Voltage Sag" refers 

to the magnitude decrease of the output voltage. The "Voltage Swell" effect 

refers to the momentary rise in the voltage above the usual tolerance ranges.  

• long time voltage interruption: This issue refers to the overall voltage or load 

current interruption or decrease for a few millisecond to one or two second 

periods of time. This kind of problem causes information processing devices to 

malfunction 

• Noise: High frequency signals superimposed on the central waveform of the 

power grid. It may also cause data loss 

• Flicker: Is the voltage fluctuation from the power source, which is between 90 

and 110 percent of the nominal voltage. This fluctuation affects the load side 

equipment. 

• Waveform distortion: Is a steady-state deviation from the ideal power frequency 

sinewave. This is generally defined by the deviation's spectral content. 

 

2.3. Reasons of generation of these PQ disturbances

There are three sources of issues relating to power quality. The first one is the 

utility sources includes lightning, power factor correction equipment, faults, 

switching and the second one is the internal sources and it includes individual loads, 

lighting ballasts, arc welders, and medical equipment. the third type of source is 

power electronic source. Variable frequency drives, battery chargers, smart grid, 

microgrid, electronic dimming system, large motors, UPS. this classification is 

shown in. Figure 3.[23] 
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Figure 3 Sources of power quality issues 
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2.4. Power quality disturbances monitoring techniques

Proper monitoring is necessary to guarantee a uniform quality of power. 

Monitoring and analytical systems are widely used for quality of the power. At 

figure 4 Techniques for monitoring the quality of power are summarized. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4 Power quality monitoring techniques to measure different parameters. 
 

• Adaptive linear combiner (ADALINE): it is efficient for voltage sag detection, 

swelling, transients, interruptions etc. This approach eliminates the need for a 

threshold value to be set for detecting power efficiency.  

• Kalman Filtering (KF): It is very useful to detect sag, swell, short interruptions of 

time, etc. Previously, an individual artificial neural network had automatically 

identified disturbance waveforms within the time domain. 
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• Hilbert Transform: HT system changes 90 degrees for each frequency portion of 

the instantaneous spectrum. This approach can be used by using an analog all-pass 

filter in a limited frequency range 

 

  

2.5. Facilities effected by power quality disturbances

Impact of problems with the power quality can affect different equipment and 

systems. As discussed earlier it can generate both economic strain and equipment 

failure. The overall effect can affect all kinds of facilities: high cost, medium cost, 

low cost. Figure 5 Shows different types of facilities, categorized by cost, that are 

influenced by the quality of the electricity. 

 

 

 

 

 

 

 

 

 

 

 

 

2.6. PQ Disturbances model:

Power quality (PQ) disturbances are regularly found in electrical grids and it 

leads to critical problems in power delivery lead to economic loses. According to 

Figure 5 Facilities Affected by Power Quality 
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IEEE standard1159-1995, the PQ disturbances include a wide range of PQ 

phenomena namely transient, short duration variations (interruption, sag and swell), 

frequency variations, long duration variations and steady state variations 

(harmonics, notch and flicker) with a time scale which ranges from tens of 

nanoseconds to steady state.  

That might cause damage or inaccurate operation of equipment installed in the 

grid[33].  

 

Power quality disturbances appear because of the use of nonlinear loads such as 

adjustable speed drives, transformers, power supplies or photovoltaic inverters, 

among many others [11], [34]. So, if the PQ problems are not correctly detected, 

analyzed and mitigated, they can cause failures or breakdowns of many sensitive 

loads connected to the system the result might be very expensive [35]. It usually 

appears in power systems that include renewable sources such as PV(solar), wind, 

hybrid systems, which needs non-linear devices. in order to combine renewable 

energies into the grid or to obtain the source of distortion and choose mitigation 

method in industrial networks [36]. 

 

 When DGRs such as wind, Photo voltaic are connected to the distribution 

network it increase the efficiency and stability [37]. But it will cause technical 

control challenges and protection which will lead to the occurrence of islanding 

phenomenon. The islanding situation should be detected and disconnected within 2 

Seconds from the distribution network [10]. There are a lot of methods and 

techniques used to detect islanding and PQ disturbances such as remote islanding 

and PQ detection techniques, Signal processing techniques for islanding and PQ 

detection, Local islanding and PQ detection techniques [10]. 

 

The identification of PQ disturbances and an effective prevention of such 

events are essential. In this framework, vital aspects are a precise understanding 

and a real-time treatment of the PQ disturbances. A variety of studies exists in this 

field. The first research step in these studies is to collect different types of PQ 
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disturbances signals. Later on, these can be used for the PQ disturbances 

interpreting systems training and performance quantification.  

 

The recording and collection of such signals is not an easy task. To 

overcome this limitation a common trend is the generation of real-like signals from 

the mathematical models. In this context a parameterized PQ disturbances 

mathematical models are employed [30]. 

2.7. Feature extraction:

 Building derived values (features) by forming an initial set of measured data 

intended to be informative and non-redundant, facilitating the subsequent 

learning and generalization steps, and also it leads to better human 

interpretations.  

 

Feature extraction is a dimensionality reduction process, where an initial set of 

raw variables is reduced to more manageable groups (features) for processing, 

while still wholly and accurately describing the original data set. In literature the 

pertinent features of PQ disturbances have been extracted by using a variety of 

features extraction techniques like Discrete Wavelet Transform (DWT), 

Wavelet Packet Decomposition (WPD), S-Transform, etc. [38].  

 

 

2.7.1. Wavelet Packet Decomposition (WPD):

 The WPD is applied to the acquired EMG signals. It 

decomposes a signal with a better time resolution as compared to the 

short time Fourier transform [33]. Any signal issplit into its basic 

parts. A single function ψ is transformed into ‘wavelets’ with the use

of dilations and translations [11]. The WPD is an extension of the 

DWT (Discrete Wavelet Transform). DWT decomposes only the low 

frequency components of a signal. WPD splits the low frequency 

components called approximations as well as the high frequency 

components called details into sublevels. 
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  As a result, WPD provides a better frequency resolution for 

the decomposed signal than DWT. It can be called a continuous time 

wavelet decomposition with distinct sampling frequencies at every 

level or scale. WPD is beneficial in combining the separate levels of 

decomposition to construct the original signal [37].  As shown in 

figure 6. 

 

 

 

 

 

 

Only the previous wavelet approximation coefficients (cAj) are 

passed through discrete-time low and high-pass quadrature mirror 

filters for each point. 

 

 

Figure 6 Wavelet Packet Decomposition 
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2.7.2. Wavelet Transform (WT):

There is a lot of techniques used to analyze signals such as The 

Wavelet Transform. It was developed to overcome problems related 

to its frequency and time resolution properties that acquire when 

using the short time Fourier Transform (STFT). The DWT provides 

high time resolution and low-frequency resolution for high 

frequencies and high-frequency resolution and low time resolution 

for low frequencies. It's a special case of the WT that produces a 

compact representation of a signal in time and frequency domain to 

compute it efficiently [39]. 

 

Wavelet transformations are based on small, limited-length 

wavelets. The wavelets for the translated-version consider where we 

are involved. Whereas the scaled version wavelets help us to examine 

the signal in various scales. the wavelet transformation has a multi-

resolution property that reduces the resolution problem inherent in 

other transforms such as FT and WFT. 

 

The wavelet transform (WT) principle [6,16 ] is to conduct local 

filtering operations on a signal with a mother wavelet's scaled and 

shifted parts, equivalent to that in FT splitting a signal into its 

sinusoidal components with varying amplitudes and frequencies. As 

shown in figure 7. 

 

Figure 7 Third Level of Wavelet Decomposition 
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2.7.3. S-Transform:

  Is an invertible time-frequency spectral localization method 

which links short-time Fourier transforms and elements of wavelet 

transforms. The S-transform is used as a time-frequency filter, and it 

helps in determining the sign of the Power arrival. it has an advantage 

that it provides multiresolution analysis while recalling the absolute 

phase of each frequency. and it leads to its applicability for detection 

and analysis of events in a time sequence in a variety of  systems.[40] 

 

2.7.4. Short-time Fourier transform

The Fourier transform is a valuable tool for measuring the 

signal's frequency components. However, we can not say at what 

moment a certain frequency increases if we take the Fourier 

transform over the entire time axis. Short-time Fourier transform 

(STFT) uses a sliding window to locate spectrogram, providing both 

time and frequency detail. But there is yet another problem: Window 

length limits frequency resolution.  A small part of the signal is 

chosen by multiplying it with a window function  . Such 

method is called signal windowing. Next consecutive part of the 

signal is selected to add a certain delay to the window function 

. 

 

A small part of the  signal is extracted by multiplying it by 

the  window function: 

 

,  = ∗ −  ( 1) 

By taking Fourier transform on ,  [5, 6], we have  

 

 

, = ∫ ,   = ∫ ∗ −  
∞

∞

∞

∞
  (2) 
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ω is angular frequency , τ is delay parameter, and   is the 

window function. 

The STFT can be used in three stages to represent a Denoising 

signal:  

o Calculate the noisy signal STFT:  

,ω =  {} 

o Make the STFT a threshold: 

,ω = ,ω ; where   is the 

threshold function: 

 

 = 
0, || ≤ 
, || ≥  

o Calculate the inverse STFT: 

 = 1,ω (3) 

 

 

 

2.7.4.1. Hilbert Transform

It is helpful to evaluate non-stationary signals by transmitting frequency

as a rate of phase shift, since the frequency can differ over time. Multiple

frequencies which differ in time usually coexist in raw recordings.

Decomposition in Analytical Style (EMD). The benefit of HT is the quick

exposure it provides to AM empirical amplitude trends which are associated

with deliberate behavior.[41]

2.7.4.2. Singular Value Decomposition

 A matrix A's singular value decomposition is the factorization of A 

into the product of three matrices A = UDVT, where U and V columns are 

Figure 8 Short-time Fourier transform 
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orthonormal and D is diagonal with positive real entries. Is a well-known 

technique for mitigating cross-terms in time-frequency distributions of high 

resolution. In classification, SVD is often used to reduce the dimensionality 

of the function space by holding only the singular vectors aligned with the 

highest single values and feeding them to a classifier.[42]  

 

2.7.5. Classification Techniques

 Employing classification technique for automatic identification of 

the Power Quality (PQ) disturbances like K-Nearest Neighbor (KNN), 

Support Vector Machine (SVM) and Artificial Neural Network (ANN) [43]. 

These classifiers are employed with a lot of features extraction 

techniques[43] 

 

 

2.7.5.1. Artificial neural networks (ANN):

 Is a group of logical input/output units in which every connection has 

a weight associated with it. By adjusting the weights, the network 

predicts the right class label of the input tuples. They can work when the 

data is a small knowledge of the relationships among characteristics and 

classes. also, it's suited for continuous-valued inputs and outputs[44].  
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2.7.5.2. K-Nearest Neighbour (k-NN):

Getting a collection of k objects in the practice set that is similar to the 

test object, each particular class must be labeled. There are three critical 

parts of this strategy: a set of labeled things and the value of k, the number 

of nearest neighbors. In order to classify an unlabeled thing, the distance of 

this thing to the nearest labeled objects is computed, and the class of the 

nearest object is used to define the desired object class[44]. 

 

2.7.5.3. Support Vector Machine (SVM):  

Getting the best classification design to recognize among members of 

the two classes in the education data. For a linearly separable data set, a 

direct classification performance corresponds to a separating hyperplane 

that moves into the middle of the two classes, leaving the two.SVM also 

guarantee that is determining the greatest function by maximizing the 

boundary among the two classes [44]. 

 

2.7.5.4. Naïve Bias (NB):

Many studies have been done using this type of classifier like [45] and 

[46]. Naïve Bayes (NB) is a group of supervised learning algorithms that 

apply the theorem of Bayes with the "naive" assumption of independence 

between each pair of characteristics. The probability of a given instance 

(example) belonging to a certain class is determined by an NB classifier. 

Based on an instance X, defined by its feature vector (x1, ..., xn) and class 

target y, the theorem of Bayes lets us to express conditional probability 

P(y|x) as a function of simpler probabilities using the naïve assumption of 

independence [45]. 
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2.7.5.5. Random Forest (RF):

The Random Forest (RF) has been widely used in bioinformatics for 

pattern identification. [45] mentioned that it can provide not only the high 

efficiency of predictions but also data about variable importance for 

classification tasks. The random forest algorithm is based on the ensemble 

of a significant number of decision trees, That each tree provides a 

classification, and where the forest selects the final classification with the 

most votes (over all other trees). 

 

2.7.5.6. CART:

As [47] explained, CART is a rule-based approach that produces a binary 

tree by way of recursive partitioning that splits a subset (called a node) of 

the data set into two subsets (called sub-nodes) to reduce the heterogeneity 

criterion measured on the sub-nodes that occur. Every splitting is a single 

element. Note that even if from a theoretical point of view the CART 

approach still allows more general splits, most of the packages 

implementing CART accept only univariate splits. Some variables can be 

used multiple times and others can not be used all over. considering tree 

decision T. Where Y is a categorical factor, each terminal node (or leaf) of 

T is given a class label. Thus T can be interpreted as a mapping to add value 

to each observation between ̂ = 
1, . . . ,

 . The growing stage 

leading to a deep maximum tree is achieved by recursive partitioning of the 

training sample by choosing the best split at-node according to a certain 

heterogeneity index, such that it is equivalent to 0 if there is only one class 

expressed in the node to be split and is maximum if all classes are equally 

frequent [47]. 
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CHAPTER 3

METHODOLOGY

The principle of the suggested system is shown in Figure 9 Different system modules are 

described in the following subsections. 

 

 

 

Figure 9 The system block diagram 

3.1. Power Quality (PQ) disturbances Model

The PQ disturbances are categorized as a function of the impact on the supply 

voltage, frequency and transients [38]. The recording and assortment of PQ 

disturbances are not easy. To surmount this inadequacy a widespread tendency is the 

generation of real-like signals from the mathematical models [9], [38]. In this 

context, the following seven PQ signals are considered. 

3.1.1. The pure signal

It is the faultless signal and represents the execution of an ideal and smooth 

supply. Such a signal can be mathematically represented via Equation (4) [38]. 

A normalized pure signal waveform is shown in Figure 18. 

 =  + .            (4) 

In Equation (4), A is the sinusoid amplitude, f is the sinusoid frequency,tn is 

representing the sampling instants and φ is the phase. 
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3.1.2. The sag

It is related with the short circuit faults and can occur due to the energization 

of heavy loads such as starting big engines. It causes a brief reduction in the 

Root Mean Square (RMS) voltage. Voltage sag is a PQ issue that can last from 

0.5 to 10 cycles [38]. It can be mathematically represented via Equation (5). A 

normalized sag waveform is shown in Figure 18. 

 

 =  −  − 1 −  −    + .  (5) 

In Equation (5), 0. ≤  ≤ 0.9,  ≤  − 1 ≤ 9 and =
1


. 

 

3.1.3. The interruption

This PQ disturbance occurs due to the power system faults, the equipment 

failure and the controller limitations [9]. It causes a full supply voltage loss for 

less than one-minute duration. The supply voltage is abridged up to 10% of the 

supposed value. It can be mathematically represented via Equation (6) [38]. A 

normalized interruption waveform is shown in figure 18. 

 

 =  −  − 1 −  −    + .  (6) 

In Equation (6), 0.9 ≤  ≤ ,  ≤  − 1 ≤ 9 and =
1


. 

 

3.1.4. The Swell

The voltage swells are associated with the power system short circuit 

failures. The sag is formed on the phase, in which fault happens, in a single line 

to ground fault whereas the swell is generated in the non-fault phases. The 

turning off a heavy load can originate the swell. Another cause could be the 

energization of a big capacitor bank [11]. It can be mathematically represented 

via Equation (7) [9]. A normalized swell waveform is shown in Figure 18. 

Y4tn = A  + βutn-t1-utn-t siπtn-∅ (7) 

In Equation (7), 0. ≤  ≤ 0.8,  ≤  − 1 ≤ 9 and  =
1


.   
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3.1.5. The harmonics

The harmonics are sinusoidal voltages or currents of several integer 

frequencies of the basic supply frequency (50Hz or 60Hz). The harmonics are 

caused primarily by nonlinear loads such as rectifiers, and inverters. It can be 

mathematically represented via Equation (8) [9]. A normalized harmonic with 

swell waveform is shown in Figure 19. 

 = si − ∅+ ∑  si − 
7
3 (8) 

In Equation (8), 0.0 ≤  ≤ 0., − ≤  ≤  and  =
1


.   

3.1.6. The harmonics with Sag

Harmonics with sag are related to short circuit failures on the power grid. It 

is represented via Equation (9) [7]. A normalized harmonic with sag waveform 

is shown in Figure 19. 

6 =   −  − 1 −  −   − +

∑ ′ si
 − ′

5
′3 .  (9) 

 

Where, 0. ≤ α ≤ 0.9,  ≤ t − t1 ≤ 9, 0.0 ≤  ≤ 0., 

 − ≤  ≤  and  =
1

f
.   

3.1.7. The harmonics with swell

Harmonics with swell voltages of several integer frequencies of the basic 

supply frequency 50-60Hz. They are caused primarily by nonlinear loads like 

rectifiers, and inverters. A normalized harmonics with swell waveform is shown 

in Figure 19.

 =   +  − 1 −  −   −  +

∑ ′ si
 − ′

5
′3 .  (10) 

 

Where, 0.0 ≤  ≤ 0., 0. ≤  ≤ 0.8,  ≤  − 1 ≤ 9, 

 − ≤  ≤  and  =
1

f
.   
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3.2. Signal Reconstruction

 In many applications, analog signals are converted into discrete signals 

(analog to digital) by using sampling and quantization operations (ADC) [48].  

• Process the discrete signals using digital signal processors.  

• Convert the processed signals into analog signals using a reconstruction 

operation (DAC).  

 

Using Fourier analysis, the sampling operation can be defined from a frequency 

domain perspective, analyze its influences, and address the reconstruction procedure 

[19]. 

Let  be an analog signal. Its continuous time Fourier transform is given by 

[20]: 

 

  ≜ ∫ 
∞

∞
(11) 

 

 Ω:is the analog frequency. Equation (11) inverse is given by [20]:  

 

  =
1


∫ 

∞

∞
 (12) 

To find ()we have to sample  () at sampling interval  

 ≜   

 Let∶the discrete-time Fourier transform of x(n). it is also the countable 

sum of amplitude scaled, frequency-scaled, and translated versions of the Fourier 

transform(Ω). [20] aliasing formula:  

 

 =
1


∑  [ 




−




]

t=− (13) 

 = Ω 
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Figure 10 Sampling operation in the time and frequency domains [18]. 
 

Therefore, the discrete signal is an aliased version of the identical analog 

signal because there will be overlap if the higher frequencies are aliased into lower 

frequencies.

To evaluate the event-driven sensing module the employed model generated 

PQ waveforms are up-sampled with a factor of 100. The up-sampling is performed 

by employing an appropriate assembly of cascaded cubic-spline interpolators and 

anti-aliasing filters [33]. It provides a quasi-analog version of the incoming signal, 

which is used as input of the event-driven sensing module. 

After up-sampling, signals in Equations (11), (12) and (13) can be respectively

expressed via Equations (14), (15), (16), (17), (18), (19) and (20). Where, U is the up-

sampling factor and is selected equal to 100.  

 ͌ = 

 =  si 


     (14) 
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͌ =  

 =  −  ( 


− 1 −  


− ) si 




(15) 

In Equation (13), 0. ≤  ≤ 0.9,  ≤  − 1 ≤ 9 and =
1


. 

͌ =  

 =  −  ( 


− 1 −  


− ) si 




(16) 

In Equation (14), 0.9 ≤  ≤ ,  ≤  − 1 ≤ 9 and =
1


. 

͌4 = 4 

 = A + β(u 


− t1 − u 


− t) si π




(17) 

In Equation (2), 0. ≤  ≤ 0.8,  ≤  − 1 ≤ 9 and  =
1


. 

 

͌ =  

 = si


− ∅+ ∑  si 


7

3 (18) 

In Equation (3), 0.0 ≤  ≤ 0., − ≤  ≤  and  =
1


. 

 

͌6 = 6 

 =  −  ( 


− 1 −  


− )  −

 + ∑ ′ si 



5

′3 (19) 

Where, 0. ≤ α ≤ 0.9,  ≤ t − t1 ≤ 9, 0.0 ≤  ≤ 0., 

 − ≤  ≤  and  =
1

f
.   

 

͌ =  

 =  +  ( 


− 1 −  


− ) 


−

 + ∑ ′ si 



− ′

5
′3  (20) 

Where, 0.0 ≤  ≤ 0., 0. ≤  ≤ 0.8,  ≤  − 1 ≤ 9, 

 − ≤  ≤  and  =
1

f
.   
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3.3. Event-Driven Sensing

 The idea behind the event-driven sampling is capturing the sample only 

when the input analog signal X(t) intersect with one of the thresholds. The 

distributed levels among the analog signals are designed to spans all of the amplitude 

signal range ∆x(t). The space between the levels are equally distributed and

separated by a quantum q. All samples are a couple of (, ). Where,  is the 

amplitude and is the time.  can be calculated from the following equation:  

 

    = − +  (21) 

 

dtn is the time distance between the current, tn, and the previous, tn-1, sampling 

instants. When the sampling process starts, the corresponding sampling instant is 

measured [48]. A timer is used to provides timestamps with finite precision. The 

Higher timer resolution, the better will be the sampling process precision. 

 

Figure 11 Event-Driven Sensing 
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The Analog to Digital Converter (ADC) is a basic element of the modern PQ 

elucidators. Ordinarily, signal acquisition is founded based on Nyquist sampling 

and processing theory [33]. Thus, the design parameters of these conventional 

ADCs are selected for the most noticeably awful-case [33]. 

 In this manner, within the case of arbitrary signals like PQ disturbances such 

ADCs are not efficient [35], [37], [49], [50]. In this context, the event-driven ADCs 

(EDADCS) are employed [18]. They are based on the event-driven Sensing (EDS) 

and can alter their sampling frequency as a function of the incoming signal 

disparities [35], [36]. 

 A sample is taken just after the input band-limited analog signal x(t) crosses 

one of the predefined thresholds. Therefore, samples are non-uniformly divided in 

time. The frequency of the taken samples is dependent on the x(t) variations [35], 

[36]. The process can be mathematically presented by Equation (21).  

       

In Equation (21), In the case of EDADC, each sample is a pair of (xn, tn) of an 

amplitude xn and a time tn. xn is equivalent to one of the predefined thresholds and tn 

is clear from Equation (21). The EDADC only acquires the related information while 

the rest of the signal is overlooked. Hence, a noticeable real-time reduction, 

compression gain, is attained in the acquired number of samples in comparison with 

the traditional counterparts. It further adds in the post-processing activity reduction 

and the system processing and power consumption efficiency [35], [37], [49], [50].  

 

3.4. The Event-Driven Segmentation

 The data obtained from EDADC does not have an equal distance between 

them in time. So, using classical techniques cannot be used to process or analyze the 

data[33], [34].The windowing is an essential operation and its required for the 

limited time data acquisition to fulfil the practical system implementation 

specifications [33], [34]. To obtain the windowed version of a sampled signal xn the 

picked N sample segment must be centered on τ. Using the following equation  
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 = ∑ .
τ

2

τ
2

τ (22) 

is the windowed version of  

 L is the effective length in seconds. 

τis the central time of the window function. 

 is the sampling frequency.  

N can be calculated by N=L. (23) 

 

 Performing digital signal processing and analysis required a finite set of data. 

windowing functions are applied to capture a limited frame of data [33], [34]. as 

shown in Figure 12. 

 

 

 

 

The EDADC output is selected and segmented with the Activity Selection 

Algorithm (ASA) [24], [26]. The valuable features of the ASA have already 

presented in [26]. It is performed by utilizing the sampling non-uniformity and it 

conserves the useful information like consecutive sampling instants repartitioning, 

count of samples, etc. It allows the post features extraction module to exploit the 

time-domain characteristics of each segment to extract its classifiable features. 

Figure 12 The sequence of a activity windowing process 
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3.5. Features Extraction

The employed features extraction is shown in Figure 13. Each instance's 

features are extracted in a hybrid fashion using methods called time-domain 

extraction features and frequency-domain extraction features. 

 

 

Figure 13  Features Extraction Classification
 

3.5.1. Time domain feature extraction

The features to be classified are mined from each segment. Because of 

the event-driven signal acquisition and selection processes, the segmented 

signal parts possess ++important information about the signal frequency 

content [34].  

Therefore, in contrast to alternative solutions, based on frequency or 

time-frequency based analysis, the employed features extraction mechanism 

does not require the computationally complex frequency domain transformation 

and analysis operations [9], [10].  The pertinent classifiable features are 
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extracted by using the data in time-domain. Three different parameters are 

extracted for each segment. Let  is indexing the ℎ selected segment . Then 

, ∆and 
 are respectively the extracted number of threshold crossings, 

the peak-to-peak amplitude and the average sampling step for . 

 

3.5.2. Frequency domain feature extraction

This method passes the segmented signal through a digital filter of varying 

bandwidth, called adaptive rate filter. Considering two filers with different bandwidth 

to segregate the desired signal from the harmonics signal, then passes both of them into 

Adaptive Resolution STFT for to identify the types of signals as shown in figure (13). 

This approach uses the original event-driven adaptive rate filtering and adaptive 

resolution short time Fourier transformation techniques. These are described in the 

following subsections. 

 

o Adaptive rate filter: 

 Techniques for adaptive rate filtration are being developed. They are based 

upon the LCSS (Level Crossing Sampling Scheme). The LCSS adapts the sampling 

rate according to the local input signal variations Then it significantly decreases the 

operation of the post processing chain as it samples only the appropriate 

information[37]. 

The sampling frequency of the EDADC follows   temporal disparities. 

Equation (24) represents the mathematical equation of the EDADC maximum 

sampling frequency [51].   is the highest component of  frequency,  

represents the amplitude of the incoming signal, and   is the EDADC 

maximum sampling frequency. 

 = 
 − 



∆
  (24) 

Let the ith selected window acquired by the ASA be , and  represents 

the sampling frequency of this selected window, then 

 = / (25) 
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Where Ni represents the number of samples in the selected window, , and  

is the length of this window measured in seconds. The   is being resampled 

uniformly to take advantage of the developed signal processing techniques. The 

frequency of the resampling is adjusted by following the parameters extracted 

locally. Compared with the classical equivalents, the selected parts of the signal in 

this way are being resampled and processed at the same or lower rates. Comparing 

with the conventional counterparts, the computational gain of the proposed 

approach is therefore increased significantly. The selection of the resampling 

frequency of (), , depends on the reference sampling frequency, , and the 

sampling frequency of the selected window, . 

 

 The resampling frequency must remain higher than or closer to the Nyquist 

frequency of sampling which is FNyq=2.fmax. Then,  is known to be the number 

of samples existing in  after the resampling. Interpolation is used to achieve the 

online resampling. For the online resampling of the segmented signal, the 

Simplified Linear Interpolation (SLI) technique is used. xrn is the value of the 

interpolated sample for SLI and it is equal to the mean of its prior and next non–

uniform samples. In SLI, 



 limits the maximum error per interpolation. 

 

 For the considered system, a reference Finite Impulse Response (FIR) filter bank 

is designed offline. The realization of the Implementation for a suitable parameters 

set is obtained while adjusting the reference sampling frequencies . The lower 

and upper cut–off frequencies of the reference band–pass filters are , , 

respectively. Then, the upper bound of  is chosen to be , and the lower bound 

is selected to be (  ≥   ) to guarantee a suitable digital filtering 

process. 

 

The mathematical equation used to compute the  is represented in Equation 

(26), where Q is the length of the . The value of Q is always selected to be a 

weighted binary. Equation (27) is then used to calculate the unique offset, ∆. 
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 = {, + ∆, … , +  − ∆= } (26) 

∆=


1
  (27) 

  

For each  , a proper filter is selected online from the reference set.   

represents the selected filter for  and  is its sampling frequency. This choice 

is made depending on the  and .  should be equal to  to guarantee 

a proper filtering process [51]. Figure 14 demonstrates the process of choosing  

and maintaining it consistent with . 

 

 

 

Figure 14 The ASM chart for choosing Frsi and a filter from the reference filters 
bank for Wi. 

 

 

o Adaptive resolution: It conducts adaptive time-frequency resolution 

analysis which can not be done with the traditional STFT. The adaptive 
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STFT resolution (ARSTFT) is accomplished firstly by avoiding excessive 

processing samples and secondly by preventing the use of the cosine window 

function if the condition is true.[39] 

 

The STFT limitation is the fixed resolution of time-frequencies. Since effective 

window length (L) controls the STFT time and frequency resolution [39]. The 

input signal is sampled at a fixed sampling frequency (Fs) in the classical case, 

Whatever the local variations. As well as a fixed L gives a fixed N. In the 

situation that the spectrum of each windowed block is determined concerning ÿ 

and there is no difference between the consecutive blocks. The STFT's time 

resolution (∆t) and frequency resolution (∆f) can be described by Equations (28) 

and (29) respectively. 

 

∆ =  (28) 

∆ =



 (29) 

 

Equation 25 shows that by increasing N, ∆ can be increased for a fixed Fs. 

Yet increasing N requires an increase in L, which will lead to a reduction in ∆ 

(cf. equation 28). A larger L therefore provides better∆, but bad ∆, and vice 

versa. This conflict between ∆  and ∆  is the reason why multi-resolution 

analytical techniques were developed, Which can be useful for high-frequency 

events and useful for low-frequency events, it is the most suitable approach for 

most real-life signals. 

 

The proposed STFT is a smart alternative to the techniques of multi 

resolution analysis. It conducts adaptive time-frequency resolution analysis, 

which can not be done with the classical STFT. It is achieved by modifying the 

local variants of Fsi, Frsi, Li, Ni and Nri according to x(t). Where Nri is the 

number of data points resampled lying in the window picked in ith. So, the time 

resolution (∆ti)  and the frequency resolution (∆f i)  of the proposed STFT that 
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be unique to the chosen ith window and are specified by equations (30) and (31) 

in each case. 

 

∆ =  (30) 

∆ =



 (31) 

 

In the following sections of this report, the proposed STFT will be known as 

the ARSTFT (Adaptive Resolution STFT) because of this adaptive resolution. 

Furthermore,   and Li ‘s adaptation contributes to the ARSTFT's 

computational advantage compared with the classical gain. That is done firstly 

by eliminating unwanted samples for processing [39], and secondly by 

eliminating the use of cosine window functionality. 

 

3.6. Classification

3.6.1. Method 1: k-NN classifier

The K-Nearest Neighbor (KNN) is regarded as easy but 

powerful classifier and its ability of delivering high quality results 

even for applications which are known of their complexity [16]. In 

a data set, the features’ distance is used by KNN to decide which 

data belongs to what class.  

When the distance in the data is near, a group is formed, and 

when the distance in the data is far, other groups are formed. A 

category membership might be the output of the KNN classifier. An 

object is classified by majority voting by its n+eighbors, the object 

being allocated to the most common classification among its nearest 

k neighbors (k may usually be a small positive whole number). The 

object is assigned solely to the nearest neighbor’s single

classification if the k equals one [16]. 
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3.6.2. Method 2: Naïve Bias

Naïve Bayes classifier is one of the most popular machine-learning methods 

commonly used for spam-detecting tasks and its conditional inference is ideal for 

text-data extraction. This "naive" assumption sets the conditions for independence 

of all features given the class, and each distribution is calculated as one-dimensional 

distribution. Parameters will be studied independently for each attribute and this 

significantly simplifies learning. Therefore, the Naïve Bayes algorithm is 

sometimes used for classification with a high-dimensionality feature vector because 

of its independence assumption that simplifies the algorithm, particularly when the 

number of attributes is large. [46] 

 

| =
|


  (32) 

| = 1| × | × …… × | ×   (33) 

 

| : is the following probability of class 

P(c): is the previous probability of class. 

Figure 15 k-NN classifier 
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|:  is the likelihood which is the probability of predictor given class. 

P(x): is the previous probability of predictor. 

 

3.6.3. Method 3: Support vector machine

The aim of the support vector machine algorithm is to locate a hyperplane 

in an N- spacer (N — the number of features) that classifies the data points 

distinctly.[52] 

 

Figure 16 Hyperplane
 
 
 

There are several alternative hyperplanes which could be used to distinguish 

the two types of data points. Our aim is to find a plane with the greatest range, 

that is to say the greatest gap between the data points in both groups. 

Maximizing the gap from the margins gives sufficient clarification such that 

potential data points can be identified with better assurance.[52] 

3.6.4. Method 4: Voting base classifier

A specially designed classifier based on MATLAB is employed. It is based on 

the "Voting Principle (VP)" [53]. The classifier operates by picking the most voted 

PQ waveform from the available models. In this situation, the candidates are the 

different PQ signals.  
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The selection decision is taken depending on the value of the count of votes, 

associated with each candidate. When a PQ instance joins the program, after each 

voting instance, the cross-correlations are done to establish differences between the 

incoming instance and the comparison settings. 

 

 The reference functions are templates which are used for the purpose of 

training. The minimum and maximum values of such cross-correlations are 

determined after that. Comparisons are made between the measured values to 

decide which voting counter should be increased among comparison PQ signals. 

 

 Therefore, the maximum number of iterations equals the number of sample 

reference notes. Among this case, the number of prototype notes used per candidate 

is the same Once all calculations have been done, each indicator shows the number 

of votes for the nominee in query.  

 

For the incoming PQ case the candidate who gets most of the votes is 

determined. The Algorithmic State Machine (ASM) classifier diagram is seen in 

Figure 17  Where k counts the voting repetition, and where M is the list of sample 

reference points. 
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Figure 17 The classifier ASM chart. 
 

3.7. Evaluation Measures

3.7.1. Compression gain

In classical sensing the incoming analog signal is acquired at a fixed rate. 

Therefore, the total number of samples acquired for a considered time length LT 

is straight forward to compute. Let Fref be the selected sampling frequency for 

the acquisition of the PQ waveforms. Then, the sampling step, distance between 

two consecutive sampling instants, Tref=1/Fref is unique in this case. Therefore, 

the acquired number of samples N for the considered LTcan be calculated by 

using Equation (34). 

 

.       (34) 

 

For the event-driven sensing, the sampling frequency is not unique, and it adapts 

as a function of the input signal temporal variations [6]. Therefore, for a 

Tref LFN =
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considered time length LT the acquired number of samples can be different and 

are a function of the EDADC resolution, the employed quantization scheme and 

the signal characteristics [35], [37], [49], [50]. Let NED is the number of samples 

obtained in the devised solution. Then the compression gain, GCOMP, can be 

calculated by using Equation (35).  

 

GCOM =


ED
.         (35) 

3.7.2. Classification accuracy

The classification precision is measured in terms of accuracy. The process 

can be mathematically expressed with the help of Equation (15).  

 

Where the true negatives (TN) and true positives (TP) are correct 

classifications. An explanatory example of TP is that a sag instance is classified 

as the sag. An example of TN is that a sag instance is not classified as a pure 

signal or as an interruption. A false positive (FP) happens when the result is not 

correctly predicted as positive when it is essentially negative. An example of 

FP is that sag or interruption is classified as a pure signal. A false negative (FN) 

happens when the result is not properly identified as negative when it is 

essentially a positive [54]. An example of FN is that a sag instance is not 

identified as sag. 

 

Accuracy =
TPTN

TPTNFPFN
× 00%.      (36) 
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CHAPTER 4

RESULTS

 

The performance of proposed system is studied by conducting several case studies as 

discussed in the following subsections. During this procedure, the seven PQ disturbances 

signals are used [55]. These include pure signal, sag, swell, interruption, harmonics, 

harmonics with sag and harmonics with swell. Examples of instances from the considered 

PQ disturbances categories are respectively shown in Figures 18 and 19.  

 

 

 

Figure 18 The PQ instances for Pure Signal, Sag, Swell and Interruption. 
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Figure 19 The PQ instances for Harmonics, Harmonics with Sag and Harmonics with 
Swell.. 

 

The acquisition of the signal is an elementary operation required in modern 

automatic PQ identifiers. Commonly, the detection and processing of signals is based on 

the Nyquist theory of sampling and processing. For the most noticeably worst case, design 

parameters of these conventional systems are chosen. Thus these systems are not efficient 

in the case of capricious PQ signals.  

 

The event-driven ADCs (EDADCS) are employed within this system. They are 

based on the Event-Driven Sensing (EDS) and can adjust their sampling frequency 

depending on incoming signal disparities. A measurement is taken only after one of the 

predefined thresholds is passed by the reference band of limited analog signal x(t). Samples 

are thus distributed in a non-uniform manner in time. The number of samples taken depends 

on the differences in x(t). 

 

The received analog signal is transmitted at a constant rate in classical sensing. Therefore, 

the cumulative number of samples collected is easy to measure for a given time Length . 
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Let   be the sampling frequency chosen to obtain the PQ waveforms. The obtained 

number of samples N can then be determined as q combination of  and   for the 

considered . The sampling frequency is not different for event-driven sensing, and it 

adapts as a result of temporal fluctuations in the input signal. Therefore, for a given length 

of time  .  the number of samples acquired can differ and depend on the EDADC 

resolution, the quantization scheme employed and the signal characteristics[56]. 

 

In the classical system a lower sampling rate and a higher quantization step might 

also be used. First, however, in terms of the Signal to Noise Ratio (SNR), it can result in 

lowering the ADC performance as the SNR performance is inversely related to the quantity 

value used in the system. In the case of EDADC, however, the SNR output is independent 

of the quantum value and is based on the sampling instants used, which record counterclock 

frequency and resolution. Secondly, the standard sampling-based approach would find 

defining the related features of the incoming PQ instance in time-domain difficult. Such a 

method, which is expected to use both time and frequency domain, thus includes extraction 

methods and can therefore increase the complexity of the device and the processing load 

relative to the approach planned [ [57]]. 

 

An activity-selection algorithm (ASA) segments an EDADC output. ASA segments 

only the relevant information from an incoming distribution of samples that have not been 

uniformly dispersed. In addition, selected window lengths are modified inside the specified 

range by following x(t) variations. This allows the extraction module of post features to 

manipulate the time-domain characteristics of each segment in order to extract the 

classifiable features.[51]  

 

The features are extracted from each segment to be classified. Due to the event- 

signal processing and selection processes, the segmented signal sections provide valuable 

details on the frequency quality of the signal. A case study is being employed to highlight 

the important aspects of the proposed method.  
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The intended PQ signals are produced in this system by the use of their 

mathematical models. A small index, consisting of the three PQ signals, is used for first 

analysis. Every Instance shall be produced for a period of 1 second.100 samples are 

generated for each considered PQ class. Each digitized instance is partitioned in segments. 

In the next step, these segments are analyzed for mining their features. Afterward, these 

features are used for classification. In the classical case, a 16-Bit resolution A/D converter 

is used with the amplitude dynamics ∆V=2v. It acquires the  () at a rate of 16k samples 

per second (SPS).  

 

However, in the devised solution the  () is digitized with a 4-Bit resolution EDADC 

of the amplitude dynamics ∆V=2v. Examples of the considered PQ signals acquired with 

the EDS mechanism are shown in Figure 18 and Figure 19. 

 

4.1. First Study: 

In this case, the three categories of PQ disturbances are considered. It includes Pure Signal, 

Swell and Harmonics. The outcomes of this study are presented in  [56]. The intended PQ 

signals are acquired with 4-Bit resolution EDADCs. Examples of instances from each 

considered PQ signals class are shown in Figure 20 
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In [56], Qaisar and Raheef have shown that In the conventional case, x͌(t) is sampled 

constantly at 16kHz irrespective of its temporal variations. It renders an accumulation and 

processing of superfluous samples. In this case, *1-9/ Lref=25ms results in a fixed number 

of samples per segment regardless of the signal disparity. In this studied example the 

Lref=25ms results in 400 samples per segment. 

 Consequently, it forces the post-processing modules to process insignificant data 

and as a result increases the system processing activity and power loss. The obtained 

compression gains, calculated by using Equation (20), are summed up in Table I. It depicts 

that the suggested solution attains an overall 10.7 times, 12.9 times and 09.4 times 

compression gains respectively for the case of pure signal, swell and harmonic. It results 

in an average compression gain of 11 times.   

The following table shows the Compression gains achieved using three categories of PQ 
disturbances Pure Signal, Swell and Harmonics. 
 
 

Figure 20 The PQ disturbances waveforms (Pure signal, Sag and Interruption) digitized 
with a 4-Bit resolution EDADC
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Table 1 Compression gains results using voting base classifier 

PQ Signal Compression Gain Average 
Compression Gain 

Pure Signal 10.7  
11 Sag 12.9 

Interruption 9.4 

 
 

In this study, 300 instances are generated for 3 considered PQ signals 

classes. 70% of these instances are used to prepare the reference templates and 

remaining 30% are used for the testing purpose. In order to compensate the 

limitation of dataset size the 10-folds cross validation approach is used [33].  

 

The obtained percentage recognition accuracies are summed up in Table 2. 

It depicts that the obtained PQ signals classification accuracies are 98.3% for pure 

signal, 97.4% for swell, and 98.5% for harmonics. The resulting average 

recognition accuracy is 98.06%.  

 

Table 2 Classification Accuracy results using voting base classifier 
PQ Signal Classification 

Accuracy 
(%age) 

Average 
Classification 

Accuracy (%age) 
Pure Signal 99.3 98.06 

Swell 97.4 

Harmonics 98.5 

 

4.2. Second Study: 

 In this case, the three categories of PQ disturbances namely Pure signal, Sag and 

interruption are considered. The outcomes of this study are presented in [57]. The 

intended PQ signals are acquired with 4-Bit resolution EDADCs. Examples of 

instances from each considered PQ signals class are shown in Figure 21. 
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In [57] Qaisar and Raheef have shown the advantages of using EDADC. It 

confirms that for a given resolution, and   it adapts its sampling frequency under 

the signal temporal variations. Therefore, it acquires only the relevant signal 

information. It also diminishes the low amplitude noise by using its noise 

thresholding capability [15]. It enhances the precision of post features extraction 

and classification processes. In this case, the EDADC output is segmented by using 

the ASA. The upper bound on the segment length is chosen as   =25ms [14], [15]. 

It results in average 40 selected segments per incoming Instance. However, the 

number of samples per segment, can vary as a function of the   temporal variations 

[15]. 

 

The obtained compression gains, calculated by using Equation (35), are 

summed up in Table 1. It depicts that the suggested solution attains an overall 10.7 

Figure 21 The PQ disturbances waveforms (Pure signal, Sag and 
Interruption) digitized with a 4-Bit resolution EDADC 
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times, 15.3 times and 28.3 times compression gains respectively for the case of pure 

signal, sag, and interruption. It results in an average compression gain of 18.1 times. 

Consequently, a noticeable reduction in the arithmetic complexity and the power 

consumption of the suggested solution over to the classical one is confirmed.  

 

A lower sampling rate and a higher quantization step could also be used in 

the classical system. However, firstly it can result in lowering the ADC 

performance in terms of the Signal to Noise Ratio (SNR), as the SNR performance 

is inversely related to the employed quantum value in the system [12], [22]. 

However, in the case of EDADC, the SNR performance is independent of the 

quantum value and is based on the employed sampling instants registering counter 

clock frequency and resolution [22].  

Secondly, the uniform sampling-based approach will make it challenging to 

identify the pertinent features of the incoming PQ instance in time-domain. 

Therefore, such an approach obliged to employ both time and frequency domain 

features extraction solutions and can, therefore, augment the system complexity and 

processing load in comparison with the devised approach.    

 

The following table shows the Compression gains achieved using three categories 

of PQ disturbances Pure Signal, Swell and Harmonics. 

 

In this case, 300instances are generated for 3 considered PQ signals. 70% 

of these instances are used to prepare the reference templates and the remaining 

30% is used for the testing purpose. To compensate the limitation of dataset the 10-

folds cross-validation approach is employed [54]. 

 

Table 3 Compression gains results using voting base classifier 
 

PQ Signal Compression Gain Average Compression 

Gain 

Pure Signal 10.7 18.1 
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The obtained percentage recognition accuracies are summed up in Table 4. It 

depicts the obtained PQ signals classification accuracies are 99.1% for the pure 

signal, 98.3% for the sag, and 99.6% for the interruption. The resulting average 

recognition accuracy is 99%. One factor of achieving such a high accuracy is the 

usage of a noise free dataset. A perspective is to study the system performance for 

the case of a real dataset. 

  

Table 4 Classification Accuracy results using voting base classifier 

 
 
 
 
 
 
 
 

4.3.  Third Study: 

 
In this case, the three categories of PQ disturbances namely Pure signal, Harmonics 

with sag and Harmonics with swell are considered. The outcomes of this study are 

presented in [58]. The intended PQ signals are acquired with 4-Bit resolution 

EDADCs. Examples of instances from each considered PQ signals class are shown in 

Figure 22. 

 

Sag 15.3 

Interruption 28.3 

PQ Signal Classification 

Accuracy (%age) 

Average 
Classification 

Accuracy (%age) 
Pure Signal 99.1 99 

Sag 98.3 

Interruption 99.6 
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The obtained compression gains, calculated by using Equation (35), are 

summed up in Table 5. It depicts that the suggested solution attains an average 

compression gain of 12.3 times. It results in a noticeable reduction in the arithmetic 

complexity and the power consumption of the suggested solution over to the 

classical one.  

 

The uniform approach obliged to employ both time and frequency domain 

features extraction solutions and can therefore augment the system processing load 

in comparison with the proposed method. Contrary in the suggested solution the 

adaptive rate signal acquisition implicitly provides information about the signal 

frequency contents [15]. Therefore, classifiable features can be explored directly in 

time-domain without employing the computationally complex frequency domain 

conversion [10]. 

 

Figure 22 The PQ disturbances waveforms (Pure signal, Harmonic with 
Sag and Harmonic with Swell) digitized with a 4-Bit resolution EDADC
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Table 5 Compression gains results using K-nn classifier 

 
PQ Signal 

 
Compression Gain 

Average 

Compression 

Gain 

Pure Signal 10.7  
 

12.3 
Harmonics with Sag 13.5 

Harmonics with 

Swell 
12.7 

 

  
 In this study, 100 instances are used for each considered PQ class. Hence in 

total 300 instances are studied. 70% of these instances are used to prepare the 

reference templates and remaining 30% are used for the testing purpose. In order to 

compensate the limitation of dataset size the 10-folds cross validation approach is 

used [16]. The obtained percentage recognition accuracies are summed up in Table 

6. It depicts that the obtained average identification accuracy is 93.5%. The findings 

are successfully logged on the cloud via 5G network. It is realized By using the 

MATLAB based “thingspeakwrite” function. 

 The authenticity of the cloud based log is confirmed with the MATLAB based 

“thingspeakread” function and data analysis. The cloud data is also accessed on 

smartphones with ThingView application. It allows the authorized users to access 

this data any time and everywhere. 

 

Table 6 Classification Accuracy results using K-nn classifier 

PQ Signal Classification 

Accuracy (%age) 

Average Classification 

Accuracy (%age) 

Pure Signal 95.3 93.5 

Harmonics 

with Sag 

92.1 

Harmonics 

with Swell 

93.2 
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• The highest accuracy in the above cases study is obtained by using voting base classifier 

for these types of signals: Pure Signal, Sag and Interruption. 

• The highest compression gain was obtained using voting base classifier for these types 

of signals: Pure Signal, Sag and Interruption. 

• These results cannot be generalized because in different cases we studied different 

types of PQ signals 

4.4. Extended for 6-Classes of PQ disturbances 

In this study we are extending our result to be able to obtain a generalized 

study. So, we are considering six different types of signals which are Pure 

signal, Sag, Swell, Interruption, Harmonics with Sag, Harmonics with Swell. 

And we are using four different types of classifiers K-Nearest Neighbor, Naïve 

Bias, Support Vector Machine and voting base approach. a 4-Bit resolution 

EDADC of the amplitude dynamics ∆V=2v is created for each class as shown 

in figure 23 and figure 24. 
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Figure 23 The PQ signals instances digitized with a 4–Bit resolution EDADC for Pure Signal, 
Sag, Swell and Interruption. 
 
 

 

Figure 24 The PQ signals instances digitized with a 4–Bit resolution EDADC for Harmonics 
with Sag and Harmonics with Swell.
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The obtained compression gains, calculated by using Equation (35), are summed 

up in Table 7. It depicts that the suggested solution attains an overall 10.7 times, 15.3 times, 

12.9 times, 28.3 times, 13.5 times and 12.7 times compression gain respectively for the 

case of pure signal, sag, swell, interruption, Harmonic with sag and Harmonic with swell. 

It results in an average compression gain of 15.56 times. 

 Consequently, a noticeable reduction in the arithmetic complexity and the power 

consumption of the suggested solution over to the classical one is confirmed. A lower 

sampling rate and a higher quantization step could also be used in the classical system. 

 

Table 7 Summary of the Compression Gains 

PQ Signal Compression Gain 
Average Compression 

Gain 

Pure Signal 10.7 

15.56 

Sag 15.3 

Swell 12.9 

Interruption 28.3 

Harmonics with 

Sag 
13.5 

Harmonics with 

Swell 
12.7 

 
In this case, 600 instances are generated for six considered PQ signals. part of these 

instances is used to prepare the reference templates and the remaining is used for the testing 

purpose. 

 

The obtained percentage recognition accuracies using K-Nearest Neighbor classifier are 

summed up in Table 8 It depicts the obtained PQ signals classification accuracies are 99.7% 

for the pure signal, 90.4% for the sag, 89.6% for the swell, 92.6% for the Interruption, 

87.9% for Harmonics with Sag, and 88.3% for Harmonics with Swell. The resulting 

average recognition accuracy is 90%. 
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Table 8 Accuracy for the six–class PQ Signals recognition ( k–NN ) 

PQ Signal 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Pure Signal 91.7 

90 

Sag 90.4 

Swell 89.6 

Interruption 92.6 

Harmonics with Sag 87.9 

Harmonics with 

Swell 
88.3 

 

The obtained percentage recognition accuracies using Naive Bias classifier are summed 

up in Table 9 It depicts the obtained PQ signals classification accuracies are 88.5% for the 

pure signal, 87.2% for the sag, 86.3% for the swell, 90.8% for the Interruption, 85.4% for 

Harmonics with Sag, and 83.6% for Harmonics with Swell. The resulting average 

recognition accuracy is 86.9%. 

 

 
Table 9 Accuracy for the six–class PQ Signals recognition ( Naive Bias ) 

PQ Signal 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Pure Signal 88.5 

86.9 

Sag 87.2 

Swell 86.3 

Interruption 90.8 

Harmonics with Sag 85.4 

Harmonics with 

Swell 
83.6 
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The obtained percentage recognition accuracies using Support Vector Machine classifier 

are summed up in Table 10 It depicts the obtained PQ signals classification accuracies are 

96.2% for the pure signal, 94.4% for the sag, 93.5% for the swell, 97.1% for the 

Interruption, 91.7% for Harmonics with Sag, and 92.6% for Harmonics with Swell. The 

resulting average recognition accuracy is 94.3%. 

 

 
Table 10 Accuracy for the six–class PQ Signals recognition ( SVM ) 

PQ Signal 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Pure Signal 96.2 

94.3 

Sag 94.4 

Swell 93.5 

Interruption 97.1 

Harmonics with Sag 91.7 

Harmonics with 

Swell 
92.6 

 

 
The obtained percentage recognition accuracies using Support Vector Machine classifier 

are summed up in Table 11 It depicts the obtained PQ signals classification accuracies are 

98.6% for the pure signal, 96.2% for the sag, 94.9% for the swell, 98.9% for the 

Interruption, 92.6% for Harmonics with Sag, and 93.8% for Harmonics with Swell. The 

resulting average recognition accuracy is 95.8%. 
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Table 11 Accuracy for the six–class PQ Signals recognition Voting Base Approach   

PQ Signal 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Pure Signal 98.6 

95.8 

Sag 96.2 

Swell 94.9 

Interruption -98.9 

Harmonics with Sag 92.6 

Harmonics with Swell 93.8 

 

 

• After considering six different types of classes Pure signal, Sag, Swell, Interruption, 

Harmonics with Sag, Harmonics with Swell. and applying four different types of 

classifier among all of them at a time, The highest accuracy was obtained by using 

voting base classifier for these types of signals. 

• It can be generalized because in different cases we studied the same types of PQ signals. 
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CHAPTER 5

DISCUSSIONS

Integrating distributed energy (DG) technologies such as solar photovoltaic (PV) 

systems, wind energy and fuel cells into smart grids impacts the power supply, degrades 

system stability and induces network over voltages. This also concerns the smart grids 

'control and contact networks. Power fluctuations at the performance of wind and solar 

photovoltaic systems due to turbine forms and solar photovoltaic systems, changes in wind 

and solar insolation over a period of time can lead to PQ disruptions such as voltage decay 

and swelling, along with reactive power flow [59]. 

 

In the context of voltage stability, the diagnosis of power quality disturbances is 

important for improving monitoring processes in power transmission system. Voltage 

stability is the power system's ability to remain at acceptable voltage on all buses under 

normal operating system and after the disturbance has occurred. 

Detection and localization of PQ events correlated with solar PV plant outage and system 

synchronization in distribution network. PQ incidents linked to the increase in solar 

insolation were also investigated. Power quality failures related to incidents such as 

islanding[59]. 

 

"Power Quality" refers to the ability of the electrical system to produce a perfect power 

supply which has a pure noise-free sinusoidal wave form, which is always steady when 

considering voltage and frequency. Furthermore, the systems which allow variations from 

this ideal power supply are regularly placed by many loads [23]. 

 

Proper management is necessary to guarantee a consistent level of electricity. Monitoring 

and analytical systems are commonly used for efficiency of the power. As already 

discussed, harmonics compromise electrical network power efficiency and damage 

equipment reliability. Compensation of harmonic signals is required to improve the 

efficiency of the power. There are several methods of harmonic analysis to increase the 
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efficiency of the control such as: Fast Fourier Transform (FFT)[73], Singular Value 

Decomposition (SVD) [43], Artificial Neural Network (ANN) [43]etc. ADALINE is also 

useful for voltage sag detection, swelling, transients, interruptions etc. This strategy 

removes the need to set a threshold value for detecting power quality Another technique 

for detecting and changing harmonics issue is the Kalman Filtering (KF) solution is very 

useful for detecting sag, swell, short time interruptions etc.  As stated above, the power 

quality refers to keeping the measured magnitude and frequency of a power system's near 

sinusoidal regulated voltage and current. Any power quality disruption would have cost the 

system's performance. For most cases, power quality control applies only to the voltage 

control. It is because voltage can be regulated ease in most situations than current [23]. 

 More precisely, certain parameters such as service longevity, variance in voltage 

magnitude, transient voltages and currents, and harmonic content may characterize the 

quality of power. To explain the importance of problems about power efficiency, We may 

assume that low quality of power contributes to excessive resources and economic 

wastage[23]. This generates financial pressure on customers and manufacturers. 

 

This thesis indicates an original real-time solution focused on event-driven computation, 

with features extraction and classification functionality for the time-domain PQ signals. 

The concept is based on a clever combination of event-driven signal acquisition and 

segmentation along with local characteristics extraction and different types of classification 

for an effective and high-precision solution.  

 

The algorithm for classification is listed here. For a case study the machine functionality 

is checked and findings are reported. The first order of magnitude reduction in the total 

sample count is accomplished by the planned method compared with the conventional 

equivalents. It indicates a major performance advantage and output when compared to 

classical approach in terms of the indicated system's power consumption. 

For six-class PQ signals, the suggested system reaches an overall detection accuracy of 

95.8%. This shows the advantages of using the suggested approach to construct 

computationally effective automated elucidators of PQ disturbances.  
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CHAPTER 6

CONCLUSIONS AND FUTURE WORK 

6.1. Conclusion

The PQ disturbances are regularly found in hybrid grids that include renewable 

sources such as PV, wind mills, etc. If the PQ problems are not correctly detected, 

analyzed and mitigated, they can cause failures or breakdowns of many sensitive 

loads connected to the system. A variety of methods and techniques are 

employed to detect PQ disturbances. 

 

A novel time-domain features extraction based PQ disturbances elucidator is 

devised. With the help of preliminary results it is demonstrated that integration 

of the EDADC and the ASA significantly decreases the number of samples to 

process. An 15.56 times decrease in the collected number of samples has been 

achieved over the classical approach. It demonstrates the devised system drastic 

computational complexity reduction over the classical counterparts. It is 

demonstrated that the suggested approach attains an average PQ disturbances 

interpretation accuracy of 95.8%. It shows the potential of employing the 

suggested solution principle in modern PQ disturbances elucidators. 

 

The proposed solution embedded realization and integration in smart grids

power quality monitoring and management systems is another axis to explore and

it will open new doors to collaborate with potential industrial and academic

partners. It can lead towards the industrialization of devised solution based power

quality elucidators. This research axis has a lot of potential and it is also well

aligned with the KSA 2030 vision. 
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6.2. Future work 

Investigation of the proposed approach while considering extended types of 

PQ disturbances is in progress. The modeling and study of the impact of 

concerned noise sources on the system performance will also be investigated 

during the second phase of thesis. Additionally, an embedded implementation 

and performance evaluation of the devised solution on a Programmable System 

on Chip (PSoC) is another future task. The proposed system performance 

depends on the chosen system parameters like resolution, reference segment 

length, quantization scheme, parameters extraction, and the classification 

algorithms. Investigating the system performance for higher resolution, 

adaptive quantization schemes and robust classifiers like Rotation Forest, State 

Vector Machine, Artificial Neural Networks, Random Forest, etc. is another 

prospect. 
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APPENDICES

Publication:

Published Paper 
A paper that got participated in International Conference in Energy Conversion & 

Efficiency (ICECE 2019) Conference under the title of “Time – Domain Identification of 

the Power Quality Disturbances Based on the Event – Driven Processing”. The conference

was held in University of Engineering and Technology between the 23 and 24 of October 

2019, and the paper is published on IEEE. 
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Accepted and Presented Paper
A paper that got accepted in the Complex Adaptive Systems (CAS 2019) Conference 

under the title of “Event–Driven Time-Domain Elucidation of the Power Quality 

Disturbances”. The conference was held in Penn State Great Valley Conference Canter

between the 13th and 15th of November 2019, and the paper will be published on Elsevier 

soon. 
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Smart Grid Poster 

Participated in the 9th Saudi Arabia Smart Grid Conference (SASG 2019) which was held 
in Jeddah between the 10thand 12thof December 2019. The participation was by a poster 
under the title of “ Adaptive Rate Time-Domain Method for Effective Identification of 
Power Quality Disturbances”. 
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Accepted Paper
A paper that got accepted in the 17th international Learning and Technology (L&T 2020) 

Conference under the title of “Adaptive-Rate Method for the Power Quality Disturbances 

Identification in the 5G Framework”. The conference was held in Jeddah, at Effat 

University and took a place on the 30th of January 2020. And the paper will be published 

on Elsevier soon. 

 


