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Studies on Some Methods for the Analysis of Power Quality Events

Chapter 1

Introduction

1.1 Introduction

This research work focuses on the monitoring of multiple Power Quality
(PQ) events, which are important for reliable and smooth operation of power
utility. An outline of the thesis is described in the following paragraphs
before the background and detailed analysis of this work.

Monitoring of Power Quality Events (PQES) has been carried out in two
aspects from the data obtained through the PQEs generation module:

i) Measurement and analysis of PQEs based on signal processing.
ii) Artificial intelligence-based monitoring of PQEs.

The first point reflects the progressive development of signal processing
techniques. The second point deals with the artificial intelligence-based
monitoring of PQEs through image processing techniques. Both are used in
this work for identification and classification of PQEs.

PQ is affected by the occurrence of PQEs in the Electrical Power System
(EPS) networks. In order to improve the PQ, the first and foremost
requirement is to identify and classify those events. Hence, proper mitigation
techniques can be adopted to suppress the detrimental effects of PQEs. It is
difficult to identify those events visually. Therefore, a fast and robust
technique is required for identification and classification of PQEs. At first,
this research work is planning to develop a digital signal processing based
technique for analysis of PQEs where minimum human involvement is
required. Thereafter, artificial intelligence based automatic method for
identifying and classifying PQEs using image processing is introduced. The
following are some benefits of using artificial intelligence-based techniques
for feature extraction: a) No prior understanding of PQE signal processing is
needed. b) The data labeling process has been enhanced. ¢) Hidden features
are extracted while removing the unnecessary ones.
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1.2 Background of the Work

1.2.1 Study of Power Quality Events

PQ refers to the reliability and purity of the electricity supply. A deflection
from the nominal level of voltage, current and frequency is referred to as
PQE. Innovative and expensive equipment in EPS networks has completely
changed the load environment. These new types of loads are considered the
main sources of PQEs. The incorporation of renewable energy sources into
EPS networks has also increased the occurrence of PQEs [1]. These PQEs
include flicker, sag, swell, harmonic, notch, transient and noise [2].
Numerous issues have arisen as a result of these events, including the failure
of circuit breakers, relays and digital equipment as well as the damage of
expensive equipment like computers and delicate microprocessor-based
devices. Therefore, PQE detection is essential for both preventative and
remedial actions. Thus, according to international standards (IEEE Std 1159-
2019), identifying the aforementioned PQEs is crucial [3]. As a result,
various features are extracted from the PQE signals. To choose the most
suitable features for PQE identification and classification, a sufficient
understanding of feature extraction methods is needed. Compared to
traditional approaches, automated feature extraction using image processing
is more efficient [4]. Thus, automated feature extraction approaches from
image processing and artificial intelligence-based classification algorithms
have been applied in this research. These techniques are suggested as
effective ways to classify PQEs with the least amount of error. Hardware-
based controllers may be used in online applications to accomplish these
techniques.

Some methods and procedures for classifying PQEs are discussed in [5, 6].
Techniques for detecting and classifying PQEs with noise are addressed in
[7]. In EPS, wavelet-based feature extraction methods are covered in [8, 9]. A
summary of signal processing and artificial intelligence methods for PQE
classification is presented in [10]. Machine learning-based methods are
reviewed in [11]. A strong basis for PQE monitoring using image processing
was supplied by the extant research. Therefore, this study proposes the use of
image processing and artificial intelligence methods to detect and classify
PQEs.
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1.2.1.1 Causes of Power Quality Events

There are three main causes of PQEs: i) fault conditions and/or load
characteristics, ii) switching operations and iii) waveform distortions. Fault
conditions cause short-duration voltage changes, including interruptions, sags
and swells. Sags and swells can also happen when large loads are turned on
or off. Current fluctuations in load are the primary cause of flickers. During
flickers, the voltage changes randomly. Transients are mainly caused by
lightning or switching operations. The transient is classified as impulsive or
oscillatory. Waveform distortions cause issues like harmonics, notches, DC
offsets and noises. Harmonics and notches are caused by the non-linear
behavior of power electronic devices. Electromagnetic interference from
electrical appliances creates noises into the power supply. Several PQE types
are shown in Figure 1.1.

Power Quality Disturbances

v v

No Disturbances Disturbances
Magnitude Transient “T‘“IE f'o:rm
Distortion

Nommal

o v v v

Interruption  Sag  Swell Flicker

R

Impulsive Oscillatory

v

Notch Hammenics DCoffset MNoise

Figure 1.1 Different types of PQEs.
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1.2.1.2 Effect of Power Quality Events

PQ ensures that the electrical equipment operates without interruptions,
malfunctions or damage. Economic considerations are the main driver behind
PQ monitoring. PQEs have a detrimental effect on sensitive electrical
equipment, resulting in a shorter equipment lifespan. Short-duration voltage
fluctuations cause protective systems to alarm unnecessarily, data processing
device to fail and sensitive equipment to get damaged. Long-duration
interruptions stop all equipment and ongoing automated processes from
working. Transient affect the insulation of equipment. Harmonics cause more
energy loss in machines and capacitors, overheating of conductors and
cables, accidental activation of protective devices and malfunction of
equipment. Noise affects the performance of the delicate devices and leads to
more data loss.

1.2.1.3 Corrective Measures of Power Quality Events

PQEs are compensated using various kinds of compensating devices.
Constant Voltage Transformers (CVT) and Dynamic Voltage Restorers
(DVR) are used to enhance power supply quality by preventing unusual
voltage rise and dips. These two devices help to keep the voltage steady at the
load terminals. A Transient Voltage Surge Suppressor (TVSS) lowers the
overvoltage to a safe level and diverts the surge. Unwanted harmonics and
noise are removed from the power supply using harmonic and noise filters.
Static VAR Compensators control reactive power in EPS networks to
maintain the voltage constant. A Unified Power Quality Conditioner (UPQC)
is a combination of series and shunt power converters used to compensate
harmonics.

1.2.2 Analysis of Power Quality Events

To analyze PQEs in EPS networks, the first and most important step is
identifying them so that suitable mitigation strategies can be applied. If these
events are not properly reduced, various electrical devices needed to supply
clean and reliable electricity to consumers may malfunction or stop working.
PQEs are difficult to identify by visual inspection. Many PQESs can happen at
the same time and overlap with each other. Therefore, development of
multiple PQEs detection and categorization method is necessary. Several
methods and strategies for identifying and classifying single and multiple
PQEs are discussed in the literature. Identifying and classifying PQEs

_4-
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involves two main approaches: analysis based on signal processing
techniques and artificial intelligence techniques.

1.2.2.1 Analysis based on Signal Processing Techniques

Signal processing techniques involve two primary processes: monitoring
power signals and extracting their events. The extracted events are compared
with recorded PQE to identify the specific PQE. The literature explores
digital signal processing techniques for identifying PQEs.

In recent past, the Fourier Transform (FT) has been used to detect PQEs in
stationary periodic signals. The primary drawback of FT is that it only gives
information about the frequency. It does not provide any information about
when the PQEs occur [12, 13]. Since the majority of PQE signals are
transitory and non-stationary, FT is unable to produce meaningful findings.
Short-Time Fourier Transform (STFT) [14, 15] and Wavelet Transform (WT)
[16, 17, 30, 31] have been introduced to solve this problem. The time-
frequency resolution issue is handled with STFT. To detect magnitude
fluctuations, STFT focuses on a specific time period using a defined window
size. As a result, it is used to various non-stationary and transitory PQE
signals to some extent. PQE signals of the harmonics type can be understood
more easily with a fixed window size across all frequencies, while PQE
signals of the transient type cannot be well resolved in terms of time-
frequency. WT solves this issue by using multiresolution analysis. In this
process, PQE signals are examined using different frequency components. As
a result, WT is widely utilized in PQE research. To detect PQEs, a
combination of rule-based and wavelet-based hidden Markov models is
presented in [17]. Time-based and frequency-based PQEs are identified using
rule-based and wavelet-based models, respectively. However, WT is sensitive
in noisy environments.

The enhanced version of continuous WT is known as the S-transform. In
[18], a rule-based classification method for classifying PQEs utilizing the S-
transform is discussed. PQEs categorization based on probabilistic neural
networks and the S-transform is reported in [19]. In [20], PQE classification
using logistic model trees and the S-transform is proposed. These methods
require fewer features, so they use less memory and processing time. S-
transform and a hidden Markov model are employed in [21] to classify PQEs.
The number of data signals for training and testing is determined by the
hidden Markov model. A discrete orthogonal time-frequency method for
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analyzing PQEs was introduced in [22]. It indicates a more effective method
for detecting PQEs. For voltage sag detection, a modified S-transform based
on window selection is employed in [23]. In [24], a hybrid S-transform is
presented for the real-time categorization of numerous PQEs. An S-transform
using a Kaiser window is proposed in [25] and provides the best frequency
detection for multiple PQEs compared to other methods. PQEs are classified
in [26] via Gaussian window parameter modification. In [27], a fast
generalized S-transform based on adaptive window is presented. Where,
window cropping and frequency scaling minimize computing time. To get
the best time-frequency spectrum compared to earlier methods, a modified S-
transform combined with random forests classifier is proposed in [28]. The S-
transform can detect PQEs with good temporal resolution; however, it cannot
analyze PQEs at high frequencies with acceptable results.

1.2.2.2 Contributions of the Present Work in Relation to Signal
Processing Techniques

Power supply signals corrupted with single and multiple PQEs are identified
and classified using signal processing based techniques. Generated PQE
signals from the experimental setup are analyzed using median filter [29].
Spikes are removed from the PQE signals using median filter. Thereafter,
quantitative indicators are introduced to detect the PQEs. Alternatively,
discrete Fourier transform based feature extraction and median filter-based
classification techniques are also discussed in this thesis. Results show that
the methods can effectively detect the PQEs with 96.7% and 99.61%
accuracy, respectively with less computational time compared to the other
conventional classifiers and complex mathematical tools. Furthermore, the
suggested approach operates satisfactorily under noisy conditions, frequency
variations and with practical data collected from local power utilities. The
structure of these methods is simple and straightforward, therefore they can
be implemented in online EPS networks.

1.2.2.3 Analysis based on Artificial Intelligence Techniques

PQEs are automatically classified using artificial intelligence techniques.
Thus, researchers are interested in artificial intelligence based PQE detection
systems. The artificial intelligence-based classification process for PQEs is
divided into five stages: input, feature extraction, feature selection,
classification and identification as shown in Figure 1.2. PQE signals are
created at the input stage. In the subsequent phase, distinct features are
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extracted from the PQEs. To lessen the computational load and time, the less
important features are eliminated in the third step after the best features are
selected using optimization techniques. Artificial intelligence based
automated classification methods are introduced in the next phase. In the last
phase, definitive decisions are made. In different literatures, different
approaches are used to automatically categorize PQEs in each of the
aforementioned stages. Effective tools for artificial intelligence approaches
include Artificial Neural Networks (ANNs), Convolutional Neural Networks
(CNNs), Support Vector Machines (SVMs), Fuzzy Logic (FL) and Expert
System (ES).

Input Stage Power Quality Disturbances

Feature @

Extraction Processing Techniques

Stage

Feature e

Selection Optimization Techniques

Stage

Classification Artificial Intelligence

Stage Techniques

[dentification .
Conclusion

Stage

Figure 1.2 Different stages of PQEs classification.

The ANNSs are influenced by the biological nervous system. The theory and
real-world application of a wavelet-based neural classifier were reported by
the authors in [30, 31], respectively. Here, feature extraction is done using
WT. The neural classifier receives inputs from extracted features. In [32],
multiwavelet-based neural networks are used to identify transients. In [33],
independent component analysis is presented as a technique for feature
extraction and neural networks are used for classification. In [19], the
probabilistic neural network-based classifier is presented. It reflects a
satisfactory outcome. In [34], multiresolution analysis is used as a feature
extraction method and neural networks are used for automated categorization.
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Wavelet energy entropy is utilized in [35] to extract features and
backpropagation-based ANNs are employed as a classifier.

Multi-fusion CNNs can automatically identify various PQEs by mixing time
and frequency components. This is demonstrated in [36], where 24 distinct
classes of PQEs are identified with an accuracy of 99.26%. In [37], deep
convolutional networks with a one-dimensional enhanced residual network
structure are presented for 99.1% accurate PQE identification and
classification, along with improved capacity for generalization. To categorize
24 single and multiple PQEs, a multi-fusion CNN combining CNN-GRU,
ResNet-GRU and Inception-GRU networks is employed in [38].

Since, it is not mandatory to have sufficient understanding of PQE signals
processing and feature extraction techniques, image processing-based PQE
detection has grown in popularity in the present era. In [39], a PQE signal is
transformed into an image with the aid of Wigner-Ville distribution
approach. CNNs are then used for PQE classification of 9 different classes
with 99.67% accuracy. Subsequently, the image's features are automatically
extracted using CNNs. A greyscale image that combines spectral and
temporal representation of the signal is presented in [40]. After that, CNNs
are used to classify 29 different classes of PQE with an accuracy of 97.84%.
Here, the greyscale image processing method helps to reduce the calculation
time. Image processing and a modified CNN-based algorithm are used in [41]
to detect multiple PQEs with an accuracy of 96.55%. Here, the lack of feed-
forward networks helps to save substantial computing resources. In [42], a
bagged tree classifier achieving 96.3% accuracy for 9 single and multiple
PQEs is described. PQEs are identified in [43] using the 3-D plot of S-
transform and SVMs.

A fuzzy-expert system with WT and FT is discussed for the automatic
classification of PQEs in [44]. The method shows that the fuzzy-expert
system classified PQEs efficiently. In [45], fuzzy reasoning with WT is
applied for PQEs recognition. In [46], the Kalman filter (KF) combined with
discrete WT is proposed for feature extraction. Extracted features are applied
to the input of fuzzy-expert system. PQE signals are used as input to the
discrete WT to identify the noise. The noise covariance is applied to the KF
to maximize the convergence rate. Then the output of KF is fed into the input
of the fuzzy-expert system to recognize the PQEs.

The SVMs are convincing tool for automatic classification. Multiclass SVMs
classifier is introduced by combining two SVMs. Multiclass SVMs classifier
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is used for PQEs detection. In [47], improved time-frequency localization is
achieved using double resolution S-transform and directed acyclic graph
SVMs. Fixed parameter values may reduce the performance of classification
for multiple PQEs. This is overcome by using optimized S-transform as in
[48] with kernel SVMs. A cubic SVM-based classifier with 99.72% accuracy
is used to classify 7 single PQEs in [49]. In [50], quadratic SVMs are
presented to classify PQEs automatically.

1.2.2.3.1 Optimization Techniques

Optimization techniques are used to assess the extracted features. To free up
more memory, the top features are selected for additional examination, while
the remaining features are removed from the system. As a result, the
computation time is shortened. The feature extraction procedure is crucial
because the accuracy of the approach depends entirely on the features that are
selected. The most popular optimization strategies for suitable feature
selection and raising classification accuracy are Genetic Algorithm (GA) [51,
52], Particle Swarm Optimization (PSO) [53-55] and Ant Colony
Optimization (ACQ) [56]. Non-linear optimization problems are solved using
GA. GA is used to track the best features for the inputs of the classifier in
[51]. The leading features from the wavelet packet transform are chosen by
GA. After that, the features are used as inputs to the SVMs based classifier
[52]. In [53], for optimal feature selection, an optimization strategy based on
PSO is employed. PSO is used in [54] to identify membership functions of
fuzzy systems for both single and multiple PQEs. In [55], S-transform and
fuzzy-expert system are employed to identify PQEs. Here, Gaussian and
trapezoidal membership functions of fuzzy-expert system are obtained from
PSO technique. In [56], a hybrid ACO technique followed by fuzzy C-means
clustering algorithm is suggested. Extracted features from ACO technique are
fed into the input of the time-time transform for event signals pattern
classification.

1.2.2.4 Contributions of the Present Work in Relation to
Artificial Intelligence Techniques

This work also presents an automatic classification of single and multiple
PQE signals. An important part of the automatic PQE classification process is
performed by feature extraction algorithms. It is essential that the feature
extraction approach and the classification technique work together. In [57],
PQEs are transformed into time-frequency grey scale images using S-
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transform. Thereafter, those images are used as input to the customized CNN
architecture for feature extraction as well as for classification purposes. This
architecture is effectively detects the PQEs with 99.83% accuracy. In [58],
PQE signals are converted into images using hyperbolic window Stockwell
transform. After that, deep neural networks are used for feature extraction
and the XGhboost classifier is used to classify 18 different PQEs with 99.86%
accuracy. In chapter 6, a total of 36 (9 single and 27 multiple) PQEs are
classified with 99.58% accuracy. Multisynchrosqueezing transform-based
image processing, pretrained CNN architectures-based features extraction
approaches and an SVM classifier are discussed.

1.2.3 Importance for Analysis of Power Quality Events

It is beneficial for the researchers to have a thorough analysis of PQE
identification and classification methods from the literature. A review of the
literature reveals that research activities for the identification and
classification of PQE occurrences may be split into three categories. First, in
order to improve accuracy and reduce processing time, the researchers have
concentrated on feature extraction algorithms. Second, researchers are
focused on increasing the number of PQEs that the particular algorithm will
identify. Third, accurate identification and classification must be maintained
while handling noisy data from EPS. Keeping these factors in mind, a
discussion of the methods and strategies for identifying and classifying PQEs
is provided in this thesis. It reveals that various methods for feature
extraction, optimization and classification are effective in identifying and
classifying different types and quantities of single and multiple PQEs.
However, in the simulated and real-time contexts, image processing and
artificial intelligence-based feature extraction approaches are the most
effective combination for PQEs identification.

1.3 Organization of Thesis

Different PQEs (sag, swell, flicker, transient, notch, harmonics and noise) are
briefly discussed in Chapter 2. These PQEs are included in this thesis work.
Due to the lack of real life PQEs data, the data are generated as per IEEE Std
1159-2019 [3] using an experimental setup in Chapter 2.

The main objective of PQ monitoring is to identify both single and multiple
PQEs. So that proper mitigation techniques can be implemented. Median
filter-based techniques and quantitative indicator-based approaches are
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discussed in Chapter 3. Median filter-based techniques are used for feature
extraction and quantitative indicator-based approaches are used for
identification. Alternatively, discrete Fourier transform based feature
extraction and median filter-based classification techniques are also covered.
The performances of the proposed methods show that the identification
process requires less computational time. Hence, these are suitable for online
applications in PQ monitoring.

Chapter 4 of this thesis presents an automatic detection method using S-
transform and convolutional neural networks for both single and multiple
PQEs. The S-transform converts the PQE signals into time-frequency grey
scale images. CNNs are used for feature selection and classification.

In Chapter 5, single and multiple PQE signals are analyzed in the time-
frequency domain using the hyperbolic window Stockwell transform. A DNN
is designed using three autoencoders to extract deep features from the
hyperbolic window Stockwell transform matrices. These extract features are
used as input to the different classifier. According to the results, the XGboost
classifier provides the best classification accuracy. The method also performs
well under varying frequencies and noisy conditions. It also shows acceptable
results with real-life PQE data. Therefore, this method can enhance the
reliability of an EPS networks.

In Chapter 6, a total of 36 PQEs (9 single and 27 multiple) are diagnosed.
PQE signals are converted into time-frequency images using the
multisynchrosqueezing transform. Thereafter, different pretrained CNN
architectures are used to extract features from multisynchrosqueezing
transformed images. These extract features are fed into the different
classifier. Results show that the VGG16 based automated features extraction
with an SVM based classifier gives the best accuracy compared to the
existing state-of-the-art techniques. The technique has also been tested in
noisy environments and with real-life PQ scenarios.

The summary of the research work and the future scope are presented in the
conclusion.

1.4 Originality of the Thesis

The following are the original contributions of the present work as per the
best of knowledge of author:
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i) Development of median filter-based techniques which are capable of
identifying and classifying single as well as multiple PQEs. In these methods,
a median filter along with various quantitative indicators is introduced for the
identification and discrete Fourier transform aided median filter-based
technique is used for diagnosis of PQEs in EPS networks.

ii) Development of an S-transform aided customized CNN scheme for
detection of single and multiple PQEs.

iii) Development of a hyperbolic window Stockwell transform aided deep
neural network model-based PQ monitoring framework in EPS networks.

iv) Development of a multisynchrosqueezing transform aided transfer
learning-based approach for diagnosis of single and multiple PQEs.
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Chapter 2

Power Quality Events and Experimental
Setup

2.1 Introduction

Power Quality (PQ) is a measure of the power supply's reliability and quality.
It guarantees the uninterrupted, error-free and damage-free operation of
electrical equipment. Power Quality Event (PQE) is the term used to describe
a deviation from the nominal voltage, current and frequency levels. Common
PQEs include sag, swell, flicker, transient, notch, harmonics and noise. In
general, the power supply signal may be affected by these events. Electrical
equipment may malfunction if any of these events exceed specific thresholds.
Therefore, PQEs data are needed to study their impact. Due to the paucity of
practical PQEs data; they are generated in the laboratory using an
experimental setup, as guided by IEEE Std 1159-2019 [3]. Before generating
PQE signals, this chapter discusses each PQE and its standard limits.

2.2 Brief Description of Different Power Quality Events

Normal: A power supply signal with a RMS voltage of 230V is called normal
RMS voltage. The standard value of normal voltage depends on the country.
In India, it is 230V/50Hz.

Transients: Transients are short-duration pulses of high magnitude. They are
divided into two types: impulsive or oscillatory. An impulsive transient is a
sudden change in voltage or current with a non-power frequency and one-
directional polarity. Lightning is the main cause of impulsive transients. It is
characterized by rise time and decay times. Figure 2.1 displays a PQE signal
with an impulsive transient. An oscillatory transient is a quick change in
polarity that reverses back and forth. Switching operations are the main cause
of oscillatory transient. It is characterized by magnitude, frequency and
duration.
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Figure 2.1 Generated PQE signal with impulsive transient.

Sag: Sag is a sudden drop in voltage magnitude ranging from 10% to 90% of

the nor
Sag is
the El

mal voltage level. The duration of sag is from 0.5 cycles to 1 minute.
caused by switching on large loads or heavy motors and by faults in
ectrical Power System (EPS) networks. Figure 2.2 displays the

generated PQE signal with sag.
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Figure 2.2 Generated PQE signal with sag.
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Swell: Swell is a sudden rise in voltage magnitude ranging from 10% to 80%
above the normal voltage level. The duration of swell is from 0.5 cycles to 1
minute. Swell is caused by switching off large loads or heavy motors and by
connecting large capacitor banks. Figure 2.3 displays the generated PQE
signal with swell.

1.5 T T T T T T T

0.5 i

Amplitude (pu)
o
|

-0.5+

L L L 1 1 L L L 1
0 0.02 004 006 0.08 01 012 014 016 0.18 0.2
Time (s)

-1.5

Figure 2.3 Generated PQE signal with swell.

Flicker: Flicker refers to random voltage fluctuations between 0.95 p.u. and
1.05 p.u. of the normal voltage level. Current variations in load are the cause
of flicker. Arc furnaces are the prime cause of flicker. Elevator operations
also inject flicker into EPS networks. Flicker has frequencies in the range of
6-8 Hz. Figure 2.4 displays the generated PQE signal with flicker.
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Figure 2.4 Generated PQE signal with flicker.

Harmonics: A voltage or current signal containing integer multiples of the
fundamental frequency is known as harmonics. The standard power supply
signal frequency, called fundamental frequency, is 50Hz in India. Devices
based on power electronics are the main cause of harmonics. Switching mode
power supplies, rectified inputs, pulse-width modulated inverters,
regenerative drives and rotating machines are the major contributors of
harmonics. Harmonic distortions are measured using Total Harmonic
Distortion (THD). Figure 2.5 displays the generated PQE signal with
harmonics.
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Figure 2.5 Generated PQE signal with harmonics.

Notch: A notch is a periodic sharp change in voltage magnitude. Notches are
caused by the non-linear characteristics of power electronics equipment,
especially when current is transferred (commutated) from one phase to
another. Notch has a high frequency component. Figure 2.6 displays the
generated PQE signal with notch.
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Figure 2.6 Generated PQE signal with notch.
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Interruption: An interruption is a drop in voltage magnitude to less than 10%
of the normal voltage level. The duration of interruption is less than 1 minute.
Interruptions are caused by faults in EPS networks, equipment failures and
control malfunctions.

Noise: Noise refers to unwanted electrical signals with frequencies below 200
kHz and magnitudes less than 1% of the normal voltage level. These signals
are superimposed on the power supply signal. Noise is caused by power
electronic devices, arcing equipment, loads with solid-state rectifiers,
switching and improper grounding.

2.3 Generation of Power Quality Events

2.3.1 Mathematical Models

PQE data are obtained from different EPS networks either through long-term
continuous monitoring or directly from recorded data at power stations. In
this case, only utility engineers can access the restricted PQE data. Therefore,
researchers have developed different PQE signals using that specific
mathematical model of PQEs because the data collection process is time-
consuming and practical data are scarce. The mathematical models of PQEs
are created based on IEEE Std 1159-2019 [3] as an alternative to practical
PQE data. The mathematical models of single PQEs are stated in Table 2.1
and 2.2. Multiple PQEs are generated by adding two mathematical models
representing different single PQEs. The simulated PQEs are somewhat
different from practical PQEs data. Therefore, noise (with an SNR value of
30 dB) is added to both single as well as multiple PQEs to make them closely
resemble practical data.
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2.3.2 Experimental Setup for Power Quality Events Generation

It is observed that simulated PQE data always differ from actual PQE data.
Therefore, it is preferable to analyze PQEs using actual data. To achieve this,
a specially-designed experimental setup has been developed to more closely
resemble with practical data. Using mathematical models and an
experimental setup based on [2, 59], PQEs within the power supply signals
are produced. Figure 2.7 displays the schematic diagram of the experimental
setup. Simulated PQE data are generated using MATLAB® on a computer
using the mathematical models. The waveform generator receives digital
input from the computer and converts it to analog data. The waveform
generator has two sections: the first is a microcontroller and the second is a
Digital to Analog Converter (DAC). The microcontroller adjusts the
sampling rate of digital data and sends it to DAC. The DAC then convert the
digital data into analog data which is sent to the analog data processing stage.
A bipolar output is created by properly processing the analog data in the
analog data processing stage. However, the output voltage is relatively low.
Therefore, to increase the output from the data processing stage, a step-up
transformer is used through a driver stage. The primary of the step-up
transformer gets sufficient current from the driver stage. The transformer may
step up the secondary voltage to almost twice the normal voltage during a
swell operation.

To generate transients, some additional hardware components are required.
By integrating a pulse transformer into the pulse generator stage of the
experimental setup, transients are produced. Simulated transients are
generated using MATLAB® in a computer and loaded into the
microcontroller via USB. The microcontroller output is connected in series
with the secondary of step-up transformer through the pulse generator stage
and pulse transformer. Consequently, transients are generated at the output
along with other PQEs. Details on the experimental setup are provided in [2,
58].
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Figure 2.7 A schematic of the experimental set-up.

Figure 2.8 shows the photograph of the experimental setup and Figuer2.9
displays the generated PQE signal (sag) on the oscilloscope.

Figure 2.8 Experimental setup for PQEs generation [2].
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Figure 2.9 Generated PQE signal (sag) on oscilloscope [58].

Figure 2.1 to 2.6 displays the generated single PQE signals, while Figure 2.10
to 2.21 displays the different generated multiple PQE signals obtained from

the experimental setup.
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Figure 2.10 Generated PQE signal with Sag and Transient.
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Figure 2.11 Generated PQE signal with Sag and Flicker.
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Figure 2.12 Generated PQE signal with Sag and Harmonics.
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Figure 2.13 Generated PQE signal with Sag and Notch.
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Figure 2.14 Generated PQE signal with Swell and Flicker.
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Figure 2.15 Generated PQE signal with Swell and Harmonics.
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Figure 2.16 Generated PQE signal with Flicker and Transient.
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Figure 2.17 Generated PQE signal with Flicker and Harmonics.
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Figure 2.18 Generated PQE signal with Flicker and Notch.
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Figure 2.21 Generated PQE signal with Transient and Notch.

2.4 Summary

This chapter discusses the major PQEs and their limits. Those events
commonly contaminate the power supply signal in EPS networks. The
analysis of PQEs requires PQE data. This chapter also discusses the
generation of single and multiple PQE data using the experimental setup.
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Chapter 3

Identification of Multiple Power Quality
Events based on Median Filter

3.1 Introduction

An important aspect of any electrical power supply system is Power Quality
(PQ). The quality of service is significantly reduced by power supply events
such as transient, notch, flicker, harmonics, sag and swell. The increasing use
of microprocessor-based and power electronics-based technology in
appliances and equipment is a major cause of these interruptions. In addition
to these, electrical risks such as contact with live components, equipment
malfunctions and heavy load switching also reduce PQ. Low PQ not only
causes appliance and equipment failures and reduces power supply
performance, but also increases system losses and financial costs. Therefore,
the first and most important step in improving PQ is to identify the Power
Quality Events (PQEs).

Several approaches have been proposed for identifying PQEs. Wavelet
transform-based techniques for PQE identification have been widely used in
recent past [30, 60]. In [61], PQE monitoring method using S-transforms is
proposed. Different feature selection methods using artificial intelligence is
described in [62]. In most of the methods, single PQ events are given priority.
However, in real-world power systems, multiple PQ events often occur
simultaneously. Therefore, identifying multiple PQESs is essential to ensure a
stable power supply. In [63], a combination of S-transform and convolutional
neural networks is used to identify both single and multiple PQEs. In [64],
discrete wavelet transforms, Bayesian optimization and composite
convolution techniques for automatic identification is reported. PQE
classification using convolutional neural networks is described in [40].
However, these studies use a combination of two or more different
techniques, requiring large memory and fast processors to handle the
resulting computational complexity.

In this work, power supply signals with single and multiple PQEs are
generated using mathematical models (as per IEEE standard 1159-2019 [3])
and a specially designed experimental setup, as discussed in Chapter 2. A
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signal tracker is developed to continuously monitor the generated signals and
extract actual disturbances. A median filter is applied to separate transient
signals from other PQEs. Transients are filtered out while the remaining
events are retained. Then, individual PQEs are identified using quantitative
indicators to draw clear and accurate conclusions.

3.2 Median Filter based Technique

3.2.1 Pre-processing of Power Quality Events

The PQEs used in this work are listed in Table 3.1. These PQEs were
generated using mathematical models and experimental setup, as discussed in
chapter 2 of this thesis. The generated or captured signals, which contain
power supply signals affected by single or multiple PQEs, are processed to
remove these events. Each captured signal is sent through a signal tracker that
determines its frequency and phase by detecting consecutive zero-crossing
points. A best fit sinusoidal signal is generated, minimizing the RMS error
between the captured and tracked signals. The difference between the
captured and tracked signal represents actual PQEs, as shown in Figure 3.1,
where a high-frequency signals is observed as the extracted PQE. In this
research, the tracked signal is not affected by nonperiodic repeated zero
crossings caused by harmonic distortion or notches. The tracked signal is
utilized in this case in order to exclude the fundamental frequency from the
captured signal. Figure 3.2 displays few more graphs of extracted PQESs. The
extracted PQEs are found to be non-stationary in nature. This motivated the
researchers to present quantitative indicators that can distinguish between
different types of PQEs.
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Table 3.1: Generated PQEs

Events Types
Transient & Noise
Notch & Noise
Flicker & Noise single
Sag & Noise
Swell & Noise
Harmonic & Noise
Sag, Notch & Noise
Sag, Flicker & Noise
Sag, Transient & Noise
Flicker, Harmonic & Noise
Flicker, Notch & Noise
Flicker, Transient & Noise Multiple
Transient, Harmonic & Noise
Transient, Notch & Noise
Harmonic, Notch & Noise
Swell, Flicker & Noise
Swell, Harmonic & Noise
Sag, Harmonic & Noise
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Figure 3.1 (a) Captured signal with PQE (harmonic) and Tracked signal of captured signal, (b)
Extracted PQE (harmonic).
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Figure 3.2 Extracted PQEs; (a) Sag and Notch, (b) Sag and Transient, (c) Harmonics and Notch.

3.2.2 Median Filtering

Spikes give false information about the peak value. A median filter is used to
detect and remove spikes without affecting the properties of the extracted
PQEs. To apply the median filter, a window containing an odd number of
input signal data samples is used. The center value in this window is replaced
with the median of all the data samples within the window [65].One way to
express the filtering procedure is as

Y(n) = MED[X(n — M),...,X(n),...,X(n + M)] (3.1)
where, window length, L = 2M+1

X(n) and Y(n) are the n™ sample of the input and output signals,
respectively.
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3.2.3 Quantitative Indicators based Method

Figure 3.3 shows a schematic depiction of the proposed approach used to
identify events from the extracted PQEs. The median filter reduces
oscillations, eliminates impulses and preserves edges. Therefore, a median
filter is used to eliminate any transients that may have occurred. When one or
more points in a waveform have values that are significantly higher than the
rest for a short duration, it is called a transient. To remove transients from the
waveform, the median filter uses a window of specific length.

In this study, a captured signal is created with 3200 data samples across 10
cycles, lasting about 200 ms. Here, the sampling frequency is kept at 16 kHz
to preserve all important data related to PQESs. Based on these conditions, the
median filter is applied to extract PQE signals in an effective manner. A
window length of L = 3 is used to remove transients, although the choice of L
depends entirely on the local characteristics of the signal. The output signal
from the median filter does not contain any transient components. As shown
in Figure 3.4, the transient component can be obtained by subtracting the
median filter output from the median filter input signal.

As shown in Figure 3.5, the median filter output signal is processed again in a
second stage using L = 31 to eliminate any notches that may be present. A
notch is typically defined as a sudden, periodic fluctuation in amplitude that
caused by current variations when a device switches from one phase to
another in power electronic systems. To accurately conduct quantitative
analysis to detect the presence of PQEs, it is emphasized that the median
filter is used to remove signals containing transients and notches that are
superimposed on other PQEs along with noise.

The next step is to create quantitative indicators for assessing PQEs. This
study uses four indicators: (i) maximum value; (ii) Level Crossing Rate
(LCR); (iii) number of deviations and (iv) number of peaks at maximum
level. The first indicator, maximum value, is used to detect abrupt rising
edges in any waveform. If the maximum value of the median filtered signal is
high and the signal is nonperiodic, it indicates a transient. If the signal is
periodic, it indicates a notch. Events such as flicker, harmonics, sag and swell
are represented in the second median filter output signal. In Figure 3.5, the
event shown is flicker.
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LCR is an important indicator commonly used to monitor the typical noise
often present in PQEs. LCR refers to the number of times a PQE signal
crosses a defined threshold within the length of the sampled signal. A high
LCR value indicates the presence of harmonics. As shown in Figure 3.7,
combining LCR with the maximum value can provide useful information
about notching.

The number of times the values of two consecutive peaks differ beyond a
threshold is called the number of deviations. A high number of deviations
indicate the presence of flicker. The number of times condition (3.2) is
satisfied can be used to mathematically calculate the number of deviations.

|(x()] = 1x(n + 1)) > 50% of |x(n)min]| (3.2)

where,  X(N)min= Minimum peak value of median filter output signal.
x(n)= n™ peak value of median filter output signal.

The highest number of consecutive peaks that exceed a threshold is
considered the number of peaks at maximum level. A large number of peaks
at maximum level indicate the presence of sag or swell. Mathematically, the
number of peaks at maximum level can be determined by counting how many
times condition (3.3) is repeatedly satisfied.

[x(n)max| — 25% of |[x(n)max| < |x(n)| (3.3)

where, X(N)max= Maximum peak value of median filter output signal.
x(n)= n™ peak value of median filter output signal.

_35-



Chapter 3

signal through

Captured PQ disturbances

Track zero crossing points

to get the frequency and
phase information

v

experimental set-up

Track amplitude at 7/2
points to get amplitude
information

Generate normal power
supply signal using
signal tracker

| Apply median filter again |

v

Median filtered signal
responsible for transient,

Median filter output signal

responsible for flicker,

Median filtered signal

responsible for notch, if
if any harmonic, sag and swell, if any any
7~
, ~
e
Determine Determine LCR Determine no. Determine no. of peak
maximum value of deviation at maximum level
r ~'~A“;~v,"’—’ |
Ve--"_ = .,N V;\g
Plot between Plot between Plot between no. Plot between no. of
maximum maximum of deviation and peak at maximum
value and LCR value and LCR LCR to identify level and LCR to
to identify to identify flicker identify harmonic,
transient notch saa &swell

Figure 3.3 A Schematic representation of the proposed method.
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Figure 3.5 Second median filtering on first median filter output signal (Flicker and Notch) to
remove Notch by taking window length 31.

As previously mentioned, the median filter in the proposed method helps to
distinguish between spiky signals and other PQE signals, enabling the
removal of spiky signals and better handling of the remaining ones.
Maximum value, LCR, number of deviations and number of peaks at
maximum level are thereafter used as quantitative indicators to differentiate
events from single and multiple PQEs signals. For LCR, the threshold is set
at 0.5% of the maximum absolute value of the tracked signal. This threshold
is kept high enough to prevent LCR from being affected by the typical noise
present in PQEs.

Rapid voltage fluctuations with amplitudes ranging between 0.95 and 1.05
p.u. are referred to as flicker. The threshold is kept low enough to detect the
small amplitude variations in PQEs, such as flicker. In this case, 50% of the
minimum peak value of the median filter output signal is chosen as the
threshold. On the other hand, the threshold for sag and swell is set high
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enough to make sure that the number of peaks at maximum level remains
unaffected by other PQEs. Here, 25% of the maximum peak value of the
median filter output signal is used as the threshold.

The results from the generated or captured PQE studies are shown in Figures
3.6, 3.7, 3.8 and 3.9. The rounded rectangular boxes in the four scatter plots
highlight closely packed clusters formed by similar types of PQEs. These
plots are used for visual evaluation of acceptability, as only a few instances
appear to be misclassified. Figure 3.6 depicts a scatter plot of maximum
value and LCR from 18 distinct PQ events, each having 5 samples. Only
transient type PQEs are made close cluster among all the other PQEs, while
all non-transient PQEs are located far from this cluster. This is indicated by
the red, rounded rectangular box in Figure 3.6. It is observed that transient-
type PQEs have higher maximum values compared to other PQE types. As
mentioned earlier, LCR is used to analyze the periodic nature of the signal. In
the cases of transient with notch and transient with harmonic situations, the
LCR is influenced by the notch and harmonic components, respectively, due
to their periodic nature. Figure 3.7 shows a scatter plot between maximum
value and LCR, used to identify notching. All PQEs related to notching form
a close cluster, while other PQEs are clearly separated. As notching is a
periodic, sharp disturbance, both maximum value and LCR are used together
to identify notches. Figure 3.8 displays a scatter plot between the number of
deviation and the LCR, which is specifically utilized to diagnose flicker.
Flicker-related PQEs exhibit random amplitude variations. Therefore, the
number of deviations is high. Finally, Figure 3.9 displays a plot of the
number of peaks at maximum level versus LCR to determine sag, swell and
harmonics. In sag, the amplitude briefly drops and in swell, it temporarily
increases. As a result, PQEs involving sag and swell have higher values for
the number of peaks at maximum level compared to other PQEs, as shown in
the red, rounded rectangular box in Figure 3.9. The blue, rounded rectangular
box in the plot shows higher LCR values for PQEs with harmonics, helping
to distinguish them from sag and swell. In this case, the overlapping region
represents PQEs that contain both harmonics along with sag or swell.
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3.3 Discrete Fourier Transform based Technique

Alternatively, the generated signal can bypass the signal tracker and be
directly fed into the median filter with a window length of L = 33 to discard
transient (typically lasting up to 1 ms, as prescribed by IEEE standard 1159-
2019 [3]). The median filter output signal is then subtracted from the input
signal to obtain the median filtered signal responsible for transient. The
presence of a transient is proved if the maximum value of the median filtered
signal exceeds a predefined threshold. Here, the threshold is 10% of the peak
value as prescribed by IEEE standard 1159-2019 [3] as shown in Figure 3.10.
Once the transient is detected, the entire cycle of the generated signal is
discarded and a modified version of the generated signal is introduced for
further analysis. This is because the median filter is attempts to eliminate the
transient superimposed on other PQEs as much as possible. Afterwards,
Modified generated signal is forwarded to discrete Furrier transform and
median filter based techniques for features extraction and classification.
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Figure 3.10 Median filtering to segregate transient.
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3.3.1 Discrete Fourier Transform based Feature Extraction

A signal is divided into its constituent sinusoids of various frequencies using
Fourier analysis. A finite sequence of uniformly spaced samples can be
converted into another sequence of complex numbers of the same length. To
reduce execution time, this can be done by applying the discrete Fourier
transform using fast Fourier transform algorithms [69].

The generated signal (or modified generated signal) is split into [ frames.
xh1 = [x1, %5, %3, ... x] represents the equally spaced discrete data values of
one cycle of the fundamental frequency that are contained in each frame. The
discrete Fourier transform of x,,; can be expressed as

2T
Hi,, = YNaxl,, e /8" 0<k<N-1 (3.4)

The harmonic coefficient H.,, represents the sine component of the k"
harmonic in the [ frame. That is, k denotes the harmonics' rank; for example,
k = 1 indicates the fundamental component. Hj, , is the same length as x%, ;,
which is N. The fundamental component's harmonic coefficient and any other
harmonic component of the input signal can be used to compute the
amplitude and phase.

The amplitude of the harmonic coefficient shows the amount of a specific
frequency present in the input signal. The relationship between the amplitude
of the harmonic coefficient and input signal can be represented as

N

real[H.,,] = A (;) (3.5)
where, A is the amplitude of the input signal.

This work uses a discrete Fourier transform to estimate the amplitude of the
harmonic coefficient for each frame. H.,,, as stated in equation 3.4, are the
harmonic coefficients for the ['"" frame. H}, , is the harmonic coefficient of the
i harmonic. In this work, H,,can be calculated for each frame ranging from
1 to [. The generated signal has 3200 data samples across 10 cycles with a
period of roughly 200 ms. The discrete Fourier transform is applied to the
generated signal successfully with [ = 10. Thus, 320 discrete data samples
representing one cycle are included in each frame. However, the choice of [
depends entirely on the local characteristics of the signal. The amplitudes of
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the harmonic coefficients indicate the frequency content of the corresponding
harmonics. The generated signal's H},,, which includes both sag and
harmonic across all 159" harmonics over 10 frames, is shown in Figure 3.11.
Sag causes an immediate decline in harmonic coefficients from the 4™ to the
8" frames. It is also observed that lower-order harmonics show significant
variation, while higher-order harmonics appear smoother. The fundamental
component has the highest harmonic coefficient. However, the third and fifth
harmonics also show relatively large harmonic coefficients compared to
others, as highlighted in blue.

Harmonic Coefficient

150 0

Frame
Harmonic

Figure 3.11 The H},,0f generated signal mixed with PQEs (sag + harmonic) for all harmonics of
all frames.

3.3.2 Fundamental Frequency Feature Analysis

The fundamental frequency harmonic coefficients of several single PQE-
generated signals over all frames are displayed in Figure 3.12. A sudden
decrease in harmonic coefficients is observed during sag and a sudden
increase during swell, while oscillations in the harmonic coefficients are
observed in the case of flicker. Harmonic coefficients are nearly constant in
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the cases of transient, notch and harmonic. This indicates that the
fundamental frequency is not affected by harmonic and notch, whereas sag,
swell and flicker are associated with changes in the fundamental frequency. It
should be noted that, certain cases, transients can affect the fundamental
frequency. Therefore, the entire cycle of the generated signal associated with
the transient is removed, as mentioned earlier.
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Figure 3.12 Harmonic coefficients of fundamental frequency of different single PQE generated
signals of all frames.

Based on the aforementioned information, it can be concluded that harmonic
and notch are frequency-based events, while sag, swell and flicker are
amplitude-based events. For sag, typical amplitudes range from 0.1 to 0.9
p.u., while for swell, they range from 1.1 to 1.8 p.u. Flicker typically shows
amplitude variations between 0.95 and 1.05 p.u., as mentioned in IEEE
standard 1159-2019 [3]. This motivates the development of an amplitude-
based identification method. However, it becomes challenging when multiple
PQEs such as sag, swell and flicker occur together. Thus, an identification
method based on a median filter is presented.
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A median filter removes sudden fluctuations in the signal while preserving
the edges. Therefore, it is used to detect sag, swell and flicker from all frames
of fundamental frequency's harmonic coefficients. This approach uses the
algorithm presented as follows

Step 1:

If

In the event that none of the harmonic coefficient values across all frames
equal to 160. (The optimal fundamental frequency's harmonic coefficient is
160).

Then proceed to step 2 for median filtering.

Otherwise stop and exit.

Step 2:

A median filter is used, with pad value = 160 on both sides of the input
sequence and window length, L (where L is an increasing odd integer number
in each iteration, starting with 3).

Step 3:
Subtracting the median filter output sequence from the median filter input
sequence Yields the median filtered sequence.

Step 4:
Repeat step 1 using the output sequence of the median filter.

With the aid of the examples below, this technique may now be used to
further demonstrate the median filter's effectiveness in signal processing.

Example 1: Taking L = 3, apply the median filter padded with 160 to the sag
and flicker sequences, respectively.
X1 =[160, 144, 144, 160] and X2 = [160, 158, 156, 160]

Y1 = [160, 144, 144, 160] is the median filter output of X1 and it remains
unchanged. In contrast, Y2 = [160, 158, 158, 160]. The median filtered
sequence, which indicates the existence of flicker, is X2-Y2 = [0, 0, -2, 0].
Conversely, Y1' = [160, 160, 160, 160] and Y2' = [160, 160, 160, 160] would
have been the outcomes of a median filter of Y1 and Y2 with L = 5,
respectively. Y1 - Y1' =[O, -16, -16, 0] and Y2 - Y2' = [0, -2, -2, 0] are the
median filtered sequences in this case. Y1 - Y1' indicate the presence of 10%
sag.
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Example 2: Taking L = 3, apply the median filter padded with 160 on the sag
+ flicker sequence below. After that, carry on with the median filter output
sequence, taking into account L = L+2 for each iteration until all of the
median filter output signal's values become equal to 160.

X =[160, 142, 140, 160]

The median filter output for L = 3 is Y = [160, 142, 142, 160], while the
median filtered sequence is X - Y = [0, 0, -2, 0], indicating the existence of
flicker.

Conversely, Y' = [160, 160, 160, 160] would have been the outcome of a
median filter of Y with L =5 and the median filtered sequence is Y - Y' = [0,
-18, -18, 0], which indicates the presence of sag. In this instance, the negative
sign indicates the sag. It is positive in case of swell.

Based on the examples, it can be inferred that the instantaneous dip or rise is
identified after random oscillations within the sequence. This means that
utilizing a larger window size results in higher smoothing. Similar behaviors
can be seen in the event of PQEs, as illustrated in Figure 3.13, when sag is
found after flicker.

To separate flicker as much as feasible, a median filter with a modest window
length (L = 3) and padded with 160 on both sides of the input signal is used.
A sequence of random voltage variations indicates the presence of flicker in a
waveform. Subtracting the median filter output signal from its input signal
gives the median filtered signal responsible for flicker, as shown in Figure
3.13(b).

Moving forward, the median filter output signal may still contain flicker or
may be flicker-free. To remove any remaining flicker, the median filter
output signal is processed again using a window length of L = 5. As seen in
Figure 3.13(c), the median filtered signal is produced by deducting the
median filter output signal from the median filter input signal. However, in
this case, no flicker remains in the signal. In each iteration, L is increased by
2 (L =L + 2), as shown in Figure 3.14, until all values in the median filter
output signal reach 160. In the case of median filtering, there are no
limitations on the signal's amplitude. Therefore, the final median filtered
signal indicating flicker is determined by combining the filtered signals that
have more than one unique value, where those values are greater than 1% or
less than -1% of 160, with the median filtered signal of L = 3. In this case,
Figure 3.13(b) itself represents the final median filtered signal indicating
flicker. However, by counting the number of values that fall between 1% and
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5% of 160 or between -1% and -5% of 160, one may determine whether
flicker is present in the resulting median filtered signal. A count of one or
more indicates the existence of flicker. The noise that is typically seen in
PQEs is suppressed here using a threshold of + 1%.

For sag detection, the resulting median filtered signal is formed by adding
median filtered signals that have only one unique value, which is less than -
1% of 160. By combining Figures, 3.13(e), 3.13(f) and 3.13(g), Figure 3.14
shows the resulting median filtered signal responsible for sag. As per IEEE
standard 1159-2019 [3], sag can be detected by counting the number of
values in the final median filtered signal that fall within the range of -10% to
-90% of 160. The existence of sag will be signified if the count is at least 1.

Similarly, to obtain the final median filtered signal for swell, all median
filtered signals with only one unique value greater than 1% of 160 are
combined. By counting the number of values that are present within the range
of 10% to 80% of 160, the presence of swell may be determined from the
resultant median filtered signal. If the count is one or more, it confirms the
presence of swell.
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Figure 3.13 Identification of flicker and sag.
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Figure 3.14 Resultant median filtered signal responsible for sag.
3.3.3 Harmonics Component Feature Analysis

The frequencies of harmonics are integer multiples of the fundamental
frequency. Harmonics cause waveform distortion due to the nonlinear
characteristics of loads and devices in the power system. Total Harmonics
Distortion (THD) can be used to determine whether harmonics are present in
the signal. In this work, as shown in Figure 3.15(a), the % THD is calculated
up to the 11™ harmonic of the harmonic coefficients in each frame. A higher
value of % THD is seen in comparison to other frames at the time of state
transitions in the event of sag and swell. The process of identification might
be misled by this. In order to get around this, the impulsions are discarded
using a median filter with L = 3. According to IEEE standard 1159-2019 [3],
a threshold value of 5% THD is adopted, as seen in Figure 3.15(b).
Consequently, median filter output signals that have values greater than 5%
THD are considered as harmonics.
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Figure 3.15 Identification of harmonics.

When current is switched from one phase to another, there is a momentary
short circuit between the two phases, which results in periodic voltage
fluctuations known as notching. As recommended in IEEE standard 1159-
2019 [3], the usual notch duration is restricted to 800us. Therefore, notching
corresponds to frequencies approximately 615 Hz and above. In accordance
with the above mentioned information, the % THD of harmonic coefficients
is computed from the 12" to the 50 harmonic. The notching frequency range
may contain an undesired high frequency noise with frequency content
generally less than 200 kHz. This might provide false information during the
notch identification procedure. To reduce the impact of high-frequency noise,
as shown in Figure 3.16(a), the % THD calculated from the 80" to the 159"
harmonic is subtracted from the % THD calculated from the 12" to the 50"
harmonic. Also, sudden spikes in PQ events related to sag and swell are
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observed in certain frames due to state transitions. As seen in Figure 3.16(b),
this may be fixed with the aid of median filtering with L = 3. The PQ events
linked to the notch in Figure 3.16(b) are seen to have a higher % THD of
harmonic coefficient than other PQ events, as represented by the pink color.
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Figure 3.16 Identification of notch.

3.4 Results and Discussions

Because of the use of median filters, the proposed methods for diagnosing
PQEs is simple and effective and can be easily implemented in practice.
Therefore, the techniques can be useful for online applications. The
performances of the developed methods are evaluated based on overall
accuracy, Relative Computational Time (RCT) [60] and complexity. Overall
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accuracy is defined as the ratio of correctly identified events to the total
number of events. After testing the performance of suggested methods on 90
samples and 2070 samples, it achieved an overall accuracy of 96.7% and
99.61%, which is acceptable and comparable to the other methods listed in
Table 3.2. The method's RCT can be calculated as

Computation time for a particular method

RCT = (3.6)

Minimum computation time considering all methods

Table 3.2 also shows that the proposed methods require the least amount of
computation time to detect PQEs. The RCT value indicates that the proposed
methods are the least complex compared to the other listed methods.

Table 3.2; Comparison of overall accuracy and RCT for different methods

Overall
Methods Accuracy RCT (p.u.)
(%)
Discrete wavelet transform
and wavelet networks [60] 98.18 3.34
S-transform and probabilistic 93.20 273

neural network [66]
Wavelet packet
decomposition and support 97.25 2.47
vector machines [67]
Wavelet transform and

neural fuzzy [68] 96.50 244
Wavelet transform and

neural network [30] 94.37 2.30
Rough set based technique

[103] 97.10 1.50
Proposed method-1 96.70 1.06
Proposed method-2 99.61 1.00

3.4.1 Performance under the Ambient Noise

Ambient noise affects the power supply signal. Considering this, the
effectiveness of the suggested method-2 is tested in the presence of ambient
noise. To do that, the generated signal is mixed with synthetic white Gaussian
noise at SNR levels of 20 dB, 30 dB and 40 dB, respectively. Table 3.3
shows the suggested method's detection performance under ambient noise
conditions. The findings demonstrate that the suggested method-2 performs
well under varying SNR levels.
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Table 3.3: Performance of the proposed method under ambient noise

SNR Accuracy

(dB) (%)
20 99.32
30 99.61
40 99.61

3.4.2 Performance under the Frequency Variations

In actuality, the dynamic balance between generation and load causes slight
variations in the power frequency. Consequently, it is important to examine
the effectiveness of the suggested approach under small frequency variations.
That is accomplished by altering the fundamental frequency in steps of 0.25
Hz, ranging from 49.5 Hz to 50.5 Hz. Additionally, ambient noise with SNR
values of 20 dB, 30 dB and 40 dB is also included. Figure 3.17 shows the
changes in identification accuracy for different fundamental frequencies
(Proposed method-2). From Figure 3.17, the standard deviations of accuracy
across different frequencies are computed. They are 0.27 (20 dB noise), 0.25
(30 dB noise) and 0.24 (40 dB noise), respectively. In this case, the small
standard deviations indicate that the suggested method-2 is robust.
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Figure 3.17 Performance of the proposed method under frequency variations.

3.4.3 Validation with Practical Data

The efficacy of the suggested approach is also examined by the identifying
PQ events in real-world data. The relevant data is obtained from local
electricity providers. In Table 3.4, six types of real-world PQ event data are
listed. Figure 3.18 displays real-world data showing a sag event. The real-
world data signals having PQ events, as listed in Table 3.4, can be accurately
detected using the suggested method-2, achieving 96.36% accuracy. As a
result, the suggested method-2 may be successfully implemented to improve
the reliability of the Electrical Power System (EPS).
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Table 3.4: Practical data with different PQEs from power utilities

PQEs Types
Sag Single
Transient Single
Notch Single
Sag + Notch Multiple
Harmonics Single
Transient + Harmonics Multiple

- L L
0 002 004 006 008 01 0.12 0.14 016 0.18 0.2
Time (s)

Amplitude (pu)
R O P

Figure 3.18 Practical voltage signal containing sag.

3.5 Conclusions

The suggested approaches can identify PQEs from single as well as multiple
PQE signals. An experimental setup has been developed to artificially
generate PQEs in the laboratory. In the first part of this work, a signal tracker
establishes the normal level of the generated signal to detect the actual PQEs.
Next, the signal with abrupt rising edges is effectively removed using median
filter, enabling accurate quantitative analysis and detection of PQEs.
Alternatively, in the second part, the median filter is directly applied to the
generated signals to remove abrupt rising edges. After that, further analysis is
carried out using the discrete Fourier transform and median filters to confirm
the presence of PQ events. These simple and straightforward approaches are
effective in recognizing PQEs. The proposed approaches, which do not
require complex mathematical tools or traditional classifiers, outperform
other methods in terms of both accuracy and processing time. Using these
techniques can also improve PQ in online applications.
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Detection of Multiple Power Quality Events
using Stockwell Transform and
Convolutional Neural Network in Electrical
Power System

4.1 Introduction

Human society nowadays is heavily dependent on sophisticated electrical
equipment and delicate technological gadgets. Due to the widespread use of
such advanced devices, a continuous, stable and distortion-free power supply
is essential. Electrical Power System (EPS) networks may have issues with
Power Quality (PQ) at the transmission and/or distribution stages. Numerous
nonlinear loads, unstable loads, atmospheric factors such as lightning,
reactive loads, unexpected heavy loads, switching operations, switching
surges, faults, etc. can cause Power Quality Events (PQES). These factors can
affect the stability of the system and lead to deviations from standard voltage
levels. These PQEs have the potential to irreversibly harm expensive, delicate
equipment. Ensuring a smooth, distortion-free and reliable power supply to
consumers is becoming increasingly challenging. Thus, it is essential to
identify these PQEs to endorse a suitable mitigation plan.

In practice, it is important to emphasize that PQ is impacted not just by a
single event but also by the combination of numerous events. As a result,
identifying and categorizing various PQEs is essential to improving
efficiency. To reduce PQEs in EPS networks, an improved detection method
is required due to the increasing complexity of modern power systems. The
PQ literature introduces a number of techniques, including the Fourier
transform, short time Fourier transform, Hilbert-Huang transform, wavelet
transform, Stockwell transform and Wigner-Ville distribution. Among these,
the Stockwell transform shows better performance in identifying both single
and multiple PQEs [23-24]. It works well against noise as well. As such, it is
applied in this study for the Time-Frequency (T-F) encoding of the event
signals.

_56-



Studies on Some Methods for the Analysis of Power Quality Events

A sophisticated approach for supervised learning is the Convolutional Neural
Network (CNN) [36, 37, 70, 71]. It is important to note from the literature
that 2-D CNN architecture performs better than 1-D CNN architecture [71].
Consequently, the Stockwell transform is used to convert 1-D time domain
single and multiple event signals into 2-D T-F images. The 2-D CNN
architecture is then used to classify the 2-D greyscale T-F images.

4.2 Power Quality Events Generation

This study uses MATLAB to construct 18 distinct single and multiple PQEs
using the mathematical model as specified in IEEE standard 1159-2019 [3]
and as discussed in chapter 2. Table 3.1 provides the details of generated
PQEs. It is important to note that, to make the generated PQEs resemble real-
life data more closely, white Gaussian noise with an SNR value of 30 dB is
added [58]. Figure 4.1 shows the generated signals for Sag + Notch + Noise,
Flicker + Transient + Noise and Swell + Harmonic + Noise.

4.3 Methodology

4.3.1 Extracted Event Signal

The generated PQE signals are appropriately handled in this work in order to
extract the events from it. The CNN architecture's performance might be
compromised by the fundamental component. Therefore, a tracked signal is
designed based on the fundamental frequency as discussed in chapter 3. An
event signal is extracted by subtracting the tracked signal from the generated
PQE signal [29]. Figure 4.2 shows the extracted event signals for Sag +
Notch + Noise, Flicker + Transient + Noise and Swell + Harmonic + Noise.
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Figure 4.1 Generated PQEs (a) Sag + Notch + Noise, (b) Flicker + Transient + Noise and (c)
Swell + Harmonic + Noise.
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Figure 4.2 Extracted event signals from PODs (a) Sag + Notch + Noise, (b) Flicker + Transient +
Noise and (c) Swell + Harmonic + Noise.
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4.3.2 Stockwell Transform

R.G. Stockwell was the first to introduce the S-transform. It is a T-F format
that makes use of the Fourier and wavelet transforms. With the window
function of the signal f(t), the short-time Fourier transform (STFT) may be
obtained as,

STFT(x, f) = [ £ () W (x - 1) exp (-j2nft) dt (4.1)

where, 1= time.
f = frequency.
w(t) = window function.

To get S-transforms, the fixed window function of the STFT is substituted by
a Gaussian function. The Gaussian function may be written like this,

gw(t) = % exp[%ztz] (4.2)

Better T-F representation is provided by the S-transform, which solves the
fixed window width issue. The S-transform of the signal f(t) may be defined
as follows from equations 4.1 and 4.2,

S(r, f) = [ £(t) gw (z - t) exp ( -j2xft) dt (4.3)

S-transform produces a T-F matrix. The matrix's rows and columns show the
signal's frequency and timing information, respectively. As seen in Figure
4.3, signal amplitudes are represented by matrix elements.
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Figure 4.3 Time-Frequency images of extracted event signals (a) Sag + Notch + Noise, (b)
Flicker + Transient + Noise and (c) Swell + Harmonic + Noise.

4.3.3 Convolutional Neural Network

In order to classify the image, CNN can transform it into a feature
representation field. It is a multilayer network, made up of linked neurons.
Input, hidden and output layers make up CNN's fundamental architecture [36,
37, 70, 71]. In this initial layer, the image is sent into the CNN. Various deep
learning layers, such as convolution, pooling, Fully Connected (FC), etc., are
included in the hidden layers of the network. CNN's essential component is
the Convolution Layer (CL). This layer contains a collection of kernels, or
learnable filters. To extract features, the input layer's output is transversely
convolved using kernels. The most important variables in evaluating CL are
size and number of kernels. The extracted feature's dimension from the CL is
sufficiently large. As a result, the computational time may increase. The
pooling layer is used to minimize the dimension of the convolved features
[70-71]. The pooling layer aids in controlling overfitting as well. The two
types of pooling methods are max pooling and average pooling. The max
pooling technique selects features with the largest value within a pooling
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window, whereas the average pooling approach selects the average of
features. The max pooling approach is used in this work. From the output of
the MaxPooling Layer (MPL), a one-dimensional feature vector is created in
the FC layer. The features are also used to determine the scores for each
class. Ultimately, the probabilistic value in the softmax layer is computed
using the FC layer scores. It is possible to determine the probable class based
on the probabilistic value.

The aforementioned layers can be combined to create a customized CNN
model that performs as needed. As seen in Figure 4.4, the proposed CNN
architecture in this research consists of 3 CLs, 3 MPLs, 2 FC layers and a
softmax layer. The activation function Exponential Linear Unit (ELU) is used
to improve the capacity for feature learning. In ELU, negative features are
maintained. There are 18 hidden units in the softmax layer, which
corresponds to the 18 distinct PQEs. Table 4.1 provides descriptions of every
layer.

Table 4.1: Descriptions of the Proposed CNN Architecture

Layer Kernel No. of Other Dimensions
Name Size Kernels Parameters
Input - - - 60x60%1
CcL1 3x3 64 - 60x60x64
MPL1 ) ) Pooling Size 30x30x64
2x2
CL2 3x3 64 - 30x30x%64
MPL2 ) ) Pooling Size 15x15x64
2x2
CL3 3x3 64 - 15x15%64
MPL3 ) ) Pooling Size 7x7x64
2x2
Hidden Unit
FC1 - - 2000 1x1x2000
Hidden Unit
FC2 - - 175 1x1x175
Softmax - - Hlddig Unit 1x1x18
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Figure 4.4 Proposed CNN architecture.
4.4 Result and Discussions

4.4.1 Performance Analysis

This study describes the generation of a total 2304 synthetic PQE signals
from 18 distinct classes, with 128 signals created for each class. From the
generated PQE data, event signals are then taken out and transformed into
two-dimensional images. The CNN architecture is then used to automatically
extract features from these images and classify both single and multiple
PQEs.

As seen in Table 4.2, four statistical parameters accuracy, precision,
specificity and F1-score are used to assess the classification ability for
reliable performance. The recommended framework's performances for
several parameters are very similar to each other. This indicates that the
suggested CNN design is robust.

Table 4.2: Performance Parameters of the Proposed Method

value Accuracy | Precision | Specificity | F1 score
(%) (%) (%) (%)
Mean 99.83 99.83 99.99 99.83
Standard |, 7, 0.070 0.004 0.070
Deviation

4.4.2 Analysis with Different Kernel Configurations

The size and number of kernel filters in a CL can affect the CNN
architecture's capabilities, which make kernels crucial for feature selection.
As a result, the performance is observed by varying the size and number of
kernels.
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4.4.3 Investigation with Different Number of Layers

The kind of classification problem is the sole determinant of the number of
layers in a CNN. Layers may be added or removed by researchers until the
required performance is attained. As indicated in Table 4.3, this study
examines CNNs with three to twelve layers. It should be noted that all CNNs
have the same kernel setup, pooling technique and activation function. Figure
4.5 shows the CNN's operational efficiency. It is observed that as the number
of layers increases, the average accuracy of the CNN also increases at first.
However, CNN's performance decreases beyond the eighth layer. This is
because adding more layers improves CNN'’s ability to learn the training
data, but at the same time, it also increases the chance of overfitting. As a
result, the CNN6 (8-layer CNN) is taken into consideration for PQ event
categorization.

Table 4.3: Different Number of Network Layers in CNN

CNN Total No. No. of No. of No. of
Identifier | of Layers CL PL FC
CNN1 3 1 1 1
CNN2 4 1 1 2
CNN3 5 2 2 1
CNN4 6 2 2 2
CNN5 7 3 3 1
CNN6 8 3 3 2
CNN7 9 4 4 1
CNN8 10 4 4 2
CNN9 11 5 5 1
CNN10 12 5 5 2
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Figure 4.5 Performance analysis with different number of network layers.
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4.4.4 Investigation with Different Activation Functions

Non-linearity in a network is introduced via the activation function. The
network's capacity is influenced by the type of activation function. As a
result, as seen in Figure 4.6, the proposed CNN's capacity is examined using
a variety of activation functions, including sigmoid, tanh, ELU and ReLu.
The performance of the proposed CNN using the ELU activation function is
significantly better than the other activation functions.
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Accuracy (%)
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95
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Figure 4.6 Performance analysis with different activation function.

4.4.5 Selection of Optimal Configuration for Fully Connected
Layer

CNN performs better with two FCs than it does with one FC. To reach the
best possible CNN performance, the optimal number of hidden units in the
FCs must be determined. A thorough analysis is carried out for this purpose,
as shown in Tables 4.4 and 4.5, respectively. Table 4.4 shows the
performance of CNN with one FC, with the number of hidden units in FC
varying from 500 to 3000 in steps of 500. The number of hidden units in the
second FC is also varied in Table 4.5, ranging from 100 to 225 in steps of 25.
The study shows that the best solution is provided by CNN, which uses 2000
hidden units in the first FC and 175 hidden units in the second FC.

Table 4.4; Performance Analysis of CNN with One FC
CNN | CNN | CNN | CNN | CNN | CNN

500 1000 1500 2000 2500 3000

99.61 | 99.65 | 99.71 | 99.73 | 99.70 | 99.68

Parameter

Accuracy
(%)
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Table 4.5: Performance Analysis of CNN with Two FC

CNN CNN CNN CNN CNN CNN
Parameter
2000-100 2000-125 2000-150 2000-175 2000-200 2000-225
’(“O/i)curacy 99.76 | 99.79 | 99.81 | 99.83 | 99.82 | 99.82
4.4.6 Comparative Analysis

Table 4.6 presents a comparison of the proposed procedure with other
alternative approaches. CNN is used to automatically classify multiple PQEs
using any of the methods listed in the Table 4.6. As shown in Table 4.6, the
proposed method achieves the highest classification accuracy of 99.83%.
CNN has the benefit of automatically classifying PQEs without requiring
prior knowledge of the signals or manual feature extraction.

Table 4.6: Comparative Analysis with Different Methods

No. of | Type of - Accuracy

Year | Ref. PQEs | Classes Mode Classifier (%)
2023 [36] 12 Multiple | Automatic CNN 99.60
2018 [37] 16 Multiple | Automatic CNN 99.52
2019 [39] 9 Multiple | Automatic CNN 99.67
2022 [41] 6 Multiple | Automatic CNN 96.55
2019 [96] 16 Multiple | Automatic CNN 99.75

This . .
2023 18 Multiple | Automatic CNN 99.83

work

4.5 Conclusions

This work presents an automated method for detecting single and multiple
PQEs using the Stockwell transform and CNN. MATLAB is used to produce
18 distinct single and multiple PQEs with the assistance of IEEE standard
1159-2019. A basic signal tracker is then used to extract events from the
generated PQEs. Consequently, the extracted events are converted into a 2-D
T-F grayscale image. To achieve the required performance, a customized
CNN architecture is then created for the PQE image classification. The
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results show that the proposed method accurately detects both single and
multiple PQEs with a high accuracy of 99.83%, outperforming other existing
methods. Thus, the proposed technique could be useful in detecting PQEs
within EPS networks.
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Chapter 5

Hyperbolic Window Stockwell Transform
aided Deep Neural Network Model-based
Power Quality Monitoring Framework in
Electrical Power System

5.1 Introduction

Power grid development has been accelerating during the last few decades.
For this reason, the network of Electrical Power Systems (EPS) is being
expanded with a significant amount of expensive, modern electrical
equipment. The EPS network needs high-quality input power to run its
electrical equipment in a dependable and seamless manner. However, during
transmission, Power Quality (PQ) can degrade, causing various Power
Quality Events (PQEs) such as sag, swell, transients, flicker, harmonics,
notches and noise, which may disturb the system voltage from its expected
normal sinusoidal form [72]. Such issues may be caused by lightning strikes,
switching surges, faults in the EPS network and so on [72]. It is also
important to note that PQ can worsen when large nonlinear loads are
connected [2, 72].

This poor-quality of power, containing multiple events, can lead to
equipment tripping and early device failure in the EPS network. This affects
the reliability of the EPS network. Therefore, it is essential to detect these
PQEs early, so that proper preventive actions can be taken.

Over the years, researchers have created numerous approaches that may
identify and classify different PQEs within the transmitted power. To
evaluate PQEs using the joint time-frequency plane, a number of signal
processing techniques are utilized, including the Wavelet transform, Fourier
transform and Stockwell transform. Wavelet transform-based methods have
been extensively employed for PQE sensing; nevertheless, the main
disadvantage of this approach is that noise may negatively impact its
effectiveness. The Stockwell transform has shown better accuracy in
identifying PQEs compared to the wavelet transform [24, 28, 73-75]. The
Stockwell transform suggests an analysis window with a frequency-
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dependent width that decreases with frequency. Compared to wavelet
transform, Stockwell transform offers a number of clear advantages,
including the ability to preserve the signal's absolute phase information at all
frequencies and its robustness against noise [24, 28, 74-75]. For this reason,
methods based on Stockwell transforms have been employed extensively for
PQ detection.

It should be noted that in practice, the voltage waveform is altered not only
by a single event, but also by the combination of many PQEs. Hence,
detecting multiple PQEs occurring at the same time is vital for ensuring EPS
network reliability.

Although many time-frequency techniques have been used successfully for
PQE detection, they often require manual extraction of features from the 2D
time-frequency spectrum [2, 24, 28, 72-75]. Any classification technique may
be influenced by the extracted features [76]. Manual feature extraction may
introduce irrelevant features, reducing the performance of classifiers. Deep
learning has opened up new possibilities recently, allowing for the direct
learning of appropriate features from input data. Compared to the
conventional manual feature extraction approach, it has a number of benefits.
It can reduce the need for manual labeling, eliminate redundant features and
uncover hidden patterns that traditional methods may miss [76]. Because of
these advantages, deep learning-based feature learning has been used
successfully in fields such as gearbox failure detection [77], locomotive
adhesion monitoring [78] and biomedical engineering [76]. Thus, a method
of analyzing PQE signals in the combined time-frequency domain using the
Hyperbolic Window Stockwell Transform (HWST) has been presented in
this study. Next, features were extracted from the time-frequency HWST
spectrum using a Deep Neural Network (DNN) based on Stacked
AutoEncoders (SAE).

Several experiments were carried out to simulate both single and multiple
PQE signals. Then, the signals are converted to the time-frequency domain
and the proposed DNN learns the relevant features. Finally, several standard
classifiers were used to detect and classify different PQEs using these
automatically extracted features.
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5.2 Power Quality Events Generation

The generated signal, as discussed in chapter 2 of this thesis and the
numerical model, defined in IEEE Std. 1159-2019 have been used to generate
18 classes of PQEs. Table 3.1 contains the generated PQEs. Figure 5.1 shows
the PQE signal for the events Sag + Noise and Swell + Flicker + Noise.
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Figure 5.1 PQ signal for event (a) Sag + Noise, (b) Swell +Flicker + Noise.

5.3 Analysis of Power Quality Events in Time- Frequency
Plane Employing Hyperbolic Window Stockwell Transform

5.3.1 Hyperbolic Window Stockwell Transform

Hyperbolic Window Stockwell Transform (HWST), which is a modification
of traditional Stockwell transform uses modified hyperbolic window instead
of generalized gaussian window [79-80]. It is important to note that the
hyperbolic window function is a pseudo-Gaussian window function. It
exhibits some distinct advantage such as, frequency dependent asymmetry.
At lower frequencies, the hyperbolic window function is asymmetric in
nature, whereas at higher frequencies, the hyperbolic window becomes more
like a symmetric Gaussian window [79]. Normally symmetric window
provides better resolution compared to asymmetric window. Thus, at higher
frequency where the window is narrow and time resolution is good, a
symmetric window can be used. On the other hand, at lower frequencies,
where the window is wider and frequency resolution is less critical, an
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asymmetric window is more suitable as it helps events from appearing too
early in the Stockwell transform. Therefore, HWST has an edge over
conventional Stockwell transform. Considering this advantage, it is useful for
improving local spectral characteristics of nonstationary signals like PQE
signals. A discrete form of HWST of a p(t) signal can be mathematically
expressed as,

HWST,(n,j) = N3 P(r + n)HW (r,n)e?™J (5.1)

In equation 5.1, P(r+n) is discrete Fourier transform of p(t) and
HW (r,n) = discrete Fourier transform of hyperbolic window W, , which
can be further expressed as,
_ 2f _f2vp?
Whyp = \/Z_ﬂ(yft"'ybt)e( 2 0<yp<Vu (5.2)
In this equation 5.2, Vi, yx and yy represent hyperbola, forward taper and
backward taper respectively. The hyperbola Vy, has been further expressed as,

)y = [ VretVoe 72
V=0 =@ - =)+ BNt =0) 2 (59)
In equation 5.3, /. is the positive curvature parameter in the hyperbola V, and
t is dilation factor [79]. The parameter ¢, is a shape parameter, which

ensure that the peak of hyperbola V;, occurs at (z —t) =0. The value of &,
is controlled by yg, y,t and A.. Considering the fact, the parameters i.e. yg, vt
and /. controls the shape of adjustable hyperbolic window Whyp -

5.3.2 Hyperbolic Window Parameter Selection using Random
Search Optimization Technique

To analyze a PQ signal using HWST, choosing the right window parameter is
very important. Therefore, setting a fixed value for the hyperbolic window
parameter may not be technically accurate. Hence, this paper proposes an
adaptive hyperbolic window based on the Energy Concentration (EC)
measurement of the HWST matrix. The task is to find the optimal value of
the hyperbolic window parameter such that the EC of the HWST matrix in
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the time-frequency plane is maximized. The EC measurement of HWST
matrix can be mathematically expressed as,

1

ECM(Yfe, Ve Ac) = (5.4)

Y e Ypeh
S0 HwsT, Y P ( jyand

p
where, HWSpr“'yb“}““ (n, j) =normalized HWST matrix.

In this paper, the hyperbolic window parameters have been tuned through
random search optimization technique. The condition for random search
optimization can be given as,

0<y, <1} ¥4 <7y <1, 100< 4, <1000

It is noteworthy the value of y; and yy, has been kept low in order to keep the
window narrow whereas a larger value A has been chosen so that the change
in shape of the window from asymmetrical to symmetrical can occur rapidly
with increasing of frequency.

The output of hyperbolic window s-transform of PQE signal is a two-
dimensional matrix namely HWST matrix. An image contour plot of two-
dimensional HWST matrix represents the HWST spectrum of the PQ signal.
The HWST spectrum for PQEs like Sag + Noise and Flicker + Harmonics +
Noise is shown in Figure 5.2. In this spectrum, the x-axis represents time (in
seconds), while the y-axis represents frequency (in Hz). The color intensity at
any point in the spectrum indicates the magnitude of the HWST matrix at that
point. The obtained HWST matrices have been subsequently fed to deep
neural network for automatic feature extraction. A detailed description of the
automatic feature extraction process is provided in the next section.
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Figure 5.2 HWST spectrum for PQE (a) Sag + Noise (y«, yot and 4:=0.52, 0.54 and 534.5) and (b)
Flicker + Harmonics+ Noise (yf, yot and Ac=0.57, 0.60 and 527).

5.4 Deep Feature Extraction from Time-Frequency
Hyperbolic Window Stockwell Transform Matrix of Power
Quality Events

The way of feature extraction has a pivotal role in any classification
approach. Due to its several advantages, unsupervised deep learning-based
feature extraction has gained importance in various domains of engineering
[76-78]. In this work, a Deep Neural Network (DNN) has been designed
based on a Stacked AutoEncoder (SAE) in order to extract deep features from
the time frequency HWST spectrum of PQEs.
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5.4.1 Theoretical Background of Autoencoder

AutoEncoder (AE) is an unsupervised feature learning method based on deep
learning framework. An AE model has three parts i.e. encoder, hidden layers

and decoder [76, 81]. The encoder maps the input data {Xi}{il into 1-d

feature vector {h; }; using the encoder activation function given as,

h; = f(Wox; + b.) (5.5)

In the equation 5.5, f is the activation function that encodes the input dataset
into a hidden feature vector. W, represent the weight matrix of encoder
whereas b, is bias vector of encoder. It is noteworthy that activation function
plays an important role in learning deep features. In this work, ReLu or
rectified linear unit has been used as activation function. ReLU has some
advantages over traditional activation functions such as sigmoid and
hyperbolic tangent, as it does not suffer from gradient diffusion or vanishing
problems [77].1t is also important to note that the dimension of encoded deep
feature vector h; is equal to the number of neurons in the hidden layer of the
AE model.

The encoded representation of input data h; can be reconstructed through
another activation function g defined as follows,

z; = g(Wah; + bg) (5.6)

In the above equation, z; is reconstructed data whereas, Wy and by represents
weight matrix of decoder and bias vector of decoder, respectively. The cost
function of AE model can be expressed as,

CW,b) = argmin=_ 51, llx; — zll)? (5.7)

The cost function tries to minimize losses between input data and
reconstructed data. Therefore, an AE model can represent the knowledge of
2-d matrix or 1-d signal in compressed form through the encoded deep
features. The schematic diagram of deep AE model has been shown in Figure
5.3.
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Figure 5.3 Autoencoder model.

5.4.2 Proposed DNN Framework

In this work, SAE model has been adopted for deep feature learning from
HWST matrices of PQEs. In a SAE network, multiple autoencoder are
stacked together. Number of layers in a SAE network is the number of
stacked AEs in that network. The first AE in a SAE network maps the input
data into hidden feature vector. Thereafter, the output of first AE model has
been given as input to the next AE and this procedure is continued till last
layer [77, 82]. The output obtained from last AE or last layer is the extracted
deep features of the network. It should be mentioned here in a SAE network
the neuron value of a layer is always less than the neuron value of preceding
layers i.e. neurons of AE;> neurons of AE; .... > neurons of AE, (n is the
number of layers in a SAE network). Therefore, the size of extracted deep
features of a SAE network is the neuron value of last layer. SAE yields some
distinct advantages such as, addition of number of layers may results in
increasing the discrimination capability of learned features. Therefore, much
detailed information can be extracted from input data, which in turn provides
better features from all explanatory variables [82]. Considering the fact, a
deep neural network has been designed in this work stacking three AE
models.

One of the problems in feature learning from deep neural network is the risk
of overfitting. Overfitting often occurs when the input dataset is small and it
can negatively impact the model’s performance. To minimize this issue, a
dropout technique has been adopted in the proposed deep neural network. In
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the dropout technique, some neurons in the hidden layer are randomly
dropped during training process but their weights are retained. These neurons
can become active again when the next input sample is processed. By setting
the output of certain hidden neurons to zero, they are excluded from the
forward propagation temporarily. In the proposed deep neural network, the
dropout rate has been taken as 0.2. This technique is well-established and has
been adopted in several studies [77, 83] to effectively reduce overfitting.

Proposed framework of the deep neural network for deep feature extraction
from HWST matrices has been shown in Figure 5.4. In this proposed
framework, three AEs have been stacked together. In this proposed DNN, 2-d
HWST matrices have been given as input in the input layer. After training the
network, 50 deep features can be extracted from each HWST matrix. The
complete architecture of proposed DNN can be expressed as HWST,(n, j) -

Where, dimension of input layer of proposed DNN is (n x j). Whereas first,
second and third layers of the network consists 200, 100 and 50 neurons
respectively. Complete training procedure of proposed DNN model has been
described below.

Extracted deep features

@ Back
Layer 3 R Propagation
50 neurons . . . . ’ # ~
AE3 P> == )
Layer 2 o
100 neurons <. . . . .,,_! /- ;- \
AE2 Oluﬁ

Layer 1 o= =1
200 neurons C. . . . . - ')4%\‘\

AE1 &l_[\3 .
s
Input layer <. . . . . . . )A/
an
I
Input HWST matrix

Figure 5.4 Proposed DNN framework.

Initialize the weight and bias of the AE models in the DNN. Pretrain the
DNN with unlabeled training dataset {X;}"; layer by layer. Employ Back
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Propagation (BP) technique to update the weights and fine tune the
parameters of DNN in supervised manner. In BP technique, Gradient Descent
(GD) optimization technique has been used to minimize the loss between
input data and reconstructed data through optimizing the cost function given
in equation 5.7.

In this work, 50 deep features have been extracted for each PQE converted
HWST matrix from the last layer of proposed DNN. Thereafter, these
extracted deep features have been given as input to some benchmark
classifiers for PQE classification.

5.5 Results and Analysis

5.5.1 Performance Analysis of Proposed Framework

In this work, both single and multiple PQEs have been generated through the
procedure given in chapter 2. Total 2070 PQ signals, 115 for each event has
been acquired to the sense the PQE. The following steps have been
performed for the sensing of PQEs.

Step 1: In the first step PQEs are analyzed in joint time frequency domain
through HWST. During this process, the hyperbolic window parameters are
tuned using random search optimization so that the EC of the time-frequency
HWST matrix is maximized. The output of HWST of PQEs returned a time-
frequency HWST matrix of size 100 x 2400. To reduce computational
complexity, the matrix is divided into 20 blocks along the frequency axis and
480 blocks along the time axis. Therefore, total 9600 blocks are formed by
accumulating the signal power in each block. Finally, a 20 x 480 HWST
matrix is reconstructed from these blocks. This method has been adopted in
the literature [84], to resize the time-frequency matrix without loss of
information. Thereafter, these matrices are fed to propose DNN for
automated deep feature extraction. It is noteworthy prior to automated deep
feature extraction, the dataset has been split into 2:1 train-test ratio i.e. two-
thirds of the dataset is used for training and the remaining one-third is
reserved for validation.

Step 2: To extract deep feature from HWST spectrum of PQEs, a DNN
framework has been developed by stacking three AE models. The HWST
matrices generated from PQEs are used as input to the DNN and trained layer
by layer. To train a DNN, it is necessary to select a suitable learning rate. If
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the learning rate is too high, it will allow the DNN to learn quickly. In that
case loss of DNN model is too high and it oscillates over the epochs. A low
leaning rate may allow the network to learn more optimally. In this work, the
learning rate of proposed DNN has been set at 0.005. This value was chosen
through trial and error. The performance of the proposed DNN has been
shown in Figure 5.5. According to Figure 5.5(a) the best training
performance of the proposed DNN was achieved at epoch 200, so the epoch
size was set to 200. For selecting the dropout rate, the DNN’s performance
was tested with dropout rates ranging from 0.1 to 0.5 at each layer. Based on
the analysis presented in Figure 5.5(b), a dropout rate of 0.2 was selected for
each layer. It is important to note that time taken to train the proposed DNN
model employing HWST matrix is about 7 minutes on a 2.5 GHz Intel core
i5 system. Finally, after training, 50 deep features were extracted for each
HWST matrix and these extracted deep features were used as input to some
benchmark classifiers for classification purposes.

Best Training Performance is 0.007812 at epoch 200
1
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Figure 5.5 Performance of proposed DNN with (a) epoch variation and (b) with dropout rate.
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Step 3: In this study, six well known classifiers i.e., Logistic Regression
(LR), Multi class Support Vector Machine (M-SVM), Gaussian Naive Bayes
(GNB), k-Nearest Neighbor (KNN), Decision Tree (DT), Random Forest
(RF) and XGboost (XGB) have been used to classify the PQEs based on
extracted deep features. It should be noted that these classifiers are widely
used in various practical applications. Also, in some studies, these classifiers
have been used for deep feature classification [76, 85]. More information
about these classifiers can be found in references [86-92]. The extracted deep
features from the test dataset have been used to validate the performance of
the classifiers. The performance of the classifier can be assessed through four
parameters: accuracy, precision, sensitivity and False Positive Rate (FPR).
These performance metrics are calculated from the confusion matrix
produced by each classifier. The performance report of the proposed method
for different classifiers has been presented in Table 5.1.

Table 5.1: Performance report for different classifier

. Accurac Precision Specificit FPR
Classifier (%) Y (%) P %) y (%)
GNB 98.99 99.00 99.93 0.060
LR 98.99 99.00 99.93 0.060
DT 99.28 99.29 99.95 0.051
kNN 99.42 99.43 99.96 0.043
MSVM 99.57 99.58 99.97 0.026
RF 99.71 99.71 99.98 0.017
XGB 99.86 99.86 99.99 0.011

Based on this report it can be said that XGboost (XGB) gives the best
performance in sensing the PQE. The performance of RF, M-SVM and kNN
is also quite satisfactory whereas the performance of DT, LR and GNB has
been found to be lower. For the RF classifier, optimal accuracy has been
achieved with 200 trees, whereas for M-SVM, optimal accuracy has been
achieved with a radial base function. In the kNN classifier, number of nearest
neighbors (k) has been set to 8. It is noteworthy that the optimal
hyperparameters of the classifiers have been tuned using random search
optimization. The confusion matrix for the XGB classifier used for PQE
detection has been shown in Figure 5.6.
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Figure 5.6 Confusion matrix for PQE sensing for XGB classifier.
5.5.2 Performance Analysis of Proposed DNN

To investigate the efficacy of proposed DNN, layer wise performance has
been analyzed. To do this, features have been extracted from layer 1, layer 2
and layer 3 of proposed DNN and subsequently fed to the classifier for PQ
classification. Classification results for RF and XGB classifier has been
presented through Table 5.2. According to the result presented in Table 5.2,
the deep feature extracted from the 3rd layer of proposed DNN yield the best
performance, which indicates that the 3-layer SAE has better feature
extraction capability from PQE converted HWST matrix.

Table 5.2: Layer wise classification analysis of proposed DNN

Layer Classifier AC((:;:;W
RF 98.99
1% layer XGB 99.28
RF 2
2 layer XGB 33.57
RF 71
3" layer XGB 33.86

5.5.3 Computational Complexity Calculation

The computational complexity of the HWST depends on the number of input
signal ‘m” which can be expressed as O(mlog(m)) [97]. The computational
complexity of 3-layer DNN is given as O(em(ab+bc)). Here ‘e’ is the number
of epochs and “a’, ‘b’ and ‘c’ are the number of neurons in layerl, layer2 and
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layer3 of proposed DNN respectively. For classifier, the time complexity of
GNB classifier is O(md) [98], where ‘d’ is the dimension of extracted deep
features. For the LR classifier the time complexity is O(d) and for DT it is
O(mlog(m) d). For kNN classifier the time complexity is expressed as
O(kmd). Here ‘k’ is the number of nearest neighbors [98]. The time
complexity for SVM classifier is O(m2) and for RF it is O(mlog(m) dt),
where ‘t” is number of trees [98]. For XGB classifier the time complexity has
been given by O(tlog(m)hy), where ‘t” is number of trees, ‘h’ is height of the
trees and “y’ is non-missing entries in training data. In this work, extraction
of deep features using HWST and proposed DNN took almost 513 seconds
and classification using GNB, LR, DT, kNN, SVM, RF and XGB took 45.5
seconds, 34 seconds, 51 seconds, 59.3 seconds, 64.1 seconds, 78.4 seconds
and 67.2 seconds respectively on a 2.5 GHz Intel core i5 system with 8 GB
RAM using MATLAB R2020a.

5.5.4 Performance Analysis against Background Noise

In real life operation, PQ signals are contaminated with background noise.
Considering the fact, the efficacy of the proposed method has been
investigated in a noisy background. In order to do that, simulated data has
been contaminated with synthetic white gaussian noise of SNR value of 20
dB, 30 dB and 40 dB respectively. The performance of the proposed method
at noiseless and noisy background for the XGB and RF classifier has been
presented through Table 5.3. Result shows, the method has delivered
acceptable performance under noisy background of different SNR value.

Table 5.3: Performance investigation of the proposed method under noisy background

SNR (dB) Classifier ACE(‘)J/: )a‘cy
RF 99.42
20 XGB 99.57
RF 99.57
30 XGB 99.86
RF 99.71
40 XGB 99.86

5.5.5 Performance under Variable Frequency

In a practical scenario, there exist small variations in power system
frequency. It is noteworthy that, this frequency variation occurs due to a
change in the dynamic balance between generation and load. Therefore, it is
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worthwhile to investigate the performance of the proposed framework under
small frequency variation. In order to do that, the fundamental frequency of
the PQ signal has been varied from 49 Hz to 51 Hz, with a step change of
0.25 Hz under 20 dB, 30 dB and 40 dB noise conditions. The variation of
classification accuracy with signal frequency has been portrayed through
Figure 5.7. From the result presented in Figure 5.7, it can be calculated that
the standard deviation of accuracy under variable frequency is 0.31% (with
40 dB noise), 0.29% (with 30 dB noise) and 0.24% (with 20 dB noise).
Hence the standard deviation in accuracy of the proposed framework under
variable frequency is very low, which signifies the robustness of the proposed
framework.

Accuracy (%)

49 49.5 50 50.5 51
Frequency (Hz)

Figure 5.7 Performance of proposed method with frequency variation (with XGB classifier).

5.5.6 Validation with Real Life Data

The effectiveness of the proposed framework is also investigated with real
life PQ data. It is noteworthy that, six different types of real-life PQ signals
were imported from a local power utility. Detailed information about the
imported real-life PQ signals is presented in Table 5.4. The recorded voltage
waveform for sag is shown in Figure 5.8.

Table 5.4: Information of real-life PQ data

No. of imported real
PQEs life data
Sag 20
Transient 15
Notch 20
Sag + Notch 15
Harmonics 25
Transient + Harmonics 15
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Figure 5.8 Real-life sag voltage signal.

The imported real-life PQ signals are analyzed in time-frequency space
through HWST. Then, the resulting HWST matrices are divided into time-
frequency blocks, resized 60%120 and fed into the pretrained proposed
framework for PQE classification. It has been observed that the proposed
framework achieved an accuracy of 96.36% using the XGBclassifier. The
result of the proposed framework with the XGB classifier for real life data is
shown in Table 5.5. Therefore, implementing the proposed framework can
effectively improve the reliability of the EPS network.

Table 5.5: Performance of proposed framework with real-life data

. Accuracy Precision Specificity FPR
Classifier (%) (%) (%) (%)
XGB 96.36 96.63 99.26 0.74
5.5.7 Comparative Study

In Table 5.6, the result of proposed method has been compared with several
different scenarios. In the first case raw PQEs are given as input to the
proposed neural network for deep feature extraction. Whereas, in the rest of
cases time-frequency matrices obtained from existing time-frequency
methods i.e. Short Time Fourier Transform (STFT) [93], Wavelet Transform
(WT) [94], Cross Wavelet Transform (XWT) [72] and classical Stockwell
Transform (ST) [74] are given as input to the proposed deep neural network
respectively. It is important to note that, for all cases, the dataset was split in
a 2:1 train-test ratio. According to the result presented in Table 5.6, it has
been observed that deep features extracted from the HWST time-frequency
spectrum achieved the best performance with the XGB classifier in terms of
accuracy, compared to extracted deep feature from raw PQEs and other time-
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frequency spectra. This demonstrates the effectiveness of HWST based time-
frequency analysis in PQE detection.

Table 5.6: Comparative study with other methods

DSP applied Framework + Classifier Accuracy

(%)
Raw PQ signal 92.90
STFT 97.39
il DNN + XGB 97.53
ST 98.84
XWT 99.13
HWST 99.86

A comparative study of the proposed method has been conducted with
existing methods reported in literature. According to Table 5.7, it can be
observed that our proposed method delivered results that are almost
comparable in detecting single and multiple PQEs. It has been observed that
work presented in [96] achieved slightly higher accuracy compared to
proposed method. However, the proposed framework can classify a greater
number of PQEs than the method in [96]. Also, the proposed method is based
on a DNN framework, where features are extracted from the time-frequency
spectrum in an automated manner. Also, it has evident that proposed method
is very much efficient under noisy background, under dynamic frequency
variation and with real life data. Hence, proposed method can be
implemented for the classification of different single and combined PQEs in
an EPS network.

Table 5.7: Comparative study with existing methods

Extracted No. of Accurac
Paper DSP Method feature PQEs (%) Y
[95] TQWT Handpicked 14 97.29
[66] ST Handpicked 11 97.40
[55] ST Handpicked 12 99.20
[24] Hybrid ST Handpicked 11 94.36
[75] Rule-based ST Handpicked 13 99.37
[28] MOFDST Handpicked 13 99.61
[39] WVD Automated 9 99.67
[91] MRST Handpicked 16 99.69
[96] CWT Automated 16 99.75
Proposed HWST Automated 18 99.86
Work
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5.6 Conclusions

In this article, a methodology has been proposed to accurately detect both
single and multiple PQEs. For this purpose, a setup was developed in the
laboratory, through which synthetic single and multiple PQ signals were
converted into analog signal. Next, these PQ signals were analyzed in the
time-frequency domain using HWST. A DNN was then designed by stacking
three AEs to extract deep features from the HWST matrices of the PQ
signals. These automatically extracted features were then fed as input to
several standard machine learning classifiers. According to the results, the
proposed framework performed well with all classifiers. However, XGB
achieved best performance. The prime advantage of the proposed framework
is that feature extraction process from the HWST spectrum of PQEs is
completely automated. The proposed method also performed well in the
presence of background noise and dynamic frequency variations.
Furthermore, its performance with real-life PQ data was found to be highly
comparable. Therefore, it can be concluded that implementing the proposed
framework with the XGB classifier can improve the reliability of an EPS
network.
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Chapter 6

Multisynchrosqueezing Transform aided
Transfer Learning based Approach for
Diagnosis of Single and Mixed Power Quality
Events

6.1 Introduction

Power Quality Events (PQEs) must be accurately detected to provide
consumers with a clear power source for their sensitive electrical devices.
PQEs have been analyzed using a variety of signal processing approaches in
recent years [99-106]. In [2], detrended fluctuation analysis successfully
detects both single and multiple PQESs. In the combined Time-Frequency (T-
F) plane, several PQE signals have been successfully analyzed using the
Wavelet Transform (WT), Hilbert-Huang transform, Wigner-Ville
distribution, Short Time Fourier Transform (STFT) and Stockwell transform
[28, 39, 58, 72, 75, 91, 94-95, 104-106]. T-F representations produced by
WT, Hilbert-Huang transform, Wigner-Ville distribution and STFT of a non-
stationary signal are frequently hazy due to the Heisenberg uncertainty
principle [107]. Therefore, it is challenging to extract accurate PQE
information from the hazy T-F representation. When compared to other
traditional techniques, the Stockwell transform can offer superior T-F
resolution. However, the window shape must be optimized during the
Stockwell transform of the PQE signal in order to achieve greater T-F
resolution [28, 58]. Some evolutionary optimization techniques should be
used for this, even if they may make computations more complex. Given the
circumstances, the PQE signal in the combined T-F frame has been analyzed
in this study using the MultiSynchroSqueezing Transform (MSST). MSST
has the benefit of being able to generate a focused and clear T-F
representation of a time-varying signal.

The feature extraction technique is crucial to the development of a PQE
detection algorithm. The majority of PQE detection techniques rely on
customized feature extraction. These customized feature extraction
approaches are relatively simple but may require some expertise in signal
processing. Deep learning techniques can be used to address the customized
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feature extraction challenge. Deep learning has the advantage of
automatically learning rich information from input data. Deep learning
techniques have therefore been used for PQE detection in [36, 39-40, 58, 91,
106].

An efficient deep learning technique for automatically extracting features
from input data is the Convolutional Neural Network (CNN) [39]. To train a
CNN model effectively, however, a lot of data is needed and it takes
significant processing time. Considering this problem, this article uses CNN
with a Transfer Learning (TL) technique to identify both single and multiple
PQEs in Electrical Power System (EPS) networks. This method involves
encoding the T-F spectrum image using the T-F representation of the PQE
signal that was received during the MSST procedure. Following that, the
image plot of the T-F representation is fed into the pretrained deep
architectures to automatically extract features. In the end, statistically rich
deep features are fed into certain benchmark classifiers in order to identify
PQEs.

6.2 Power Quality Event Generation

In this chapter, 9 distinct forms of PQE data (pure sinusoidal, transient, sag,
swell, flicker, harmonics, notch, spike and interruption) have been simulated
using the numerical models specified in IEEE Std. 1159-2019.

A number of publications have stated that several PQEs can occur at the same
time [2, 72]. In light of this problem, this study concatenates two or more
numerical models of the relevant single PQE to create multiple PQEs. For
analytical purposes, 27 multiple PQEs were generated for this chapter. The
names of the single and multiple PQEs are listed in Table 6.1. It should be
noted that a total of 200 PQE signals have been simulated for each PQE.
Additionally, white Gaussian noise with SNR values of 10 dB, 15 dB, 20 dB,
25 dB, 30 dB, 35 dB and 40 dB was added to each simulated PQE signal to
increase the amount of data and produce a PQE database that is more likely
to be practical. A total of 57,600 {200 (simulated PQE signals per class) x 36
(number of classes) x 8 (1 simulated data + 7 additive noise levels)} PQE
signals form the overall PQE database. The time-domain plot of the PQEs
Sag + Noise, Harmonics + Noise, Transient + Noise, Sag + Harmonics +
Noise, Notch + Transient + Noise and Sag + Harmonics + Transient + Noise
is shown in Figure 6.1 (a-f), respectively.
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Table 6.1: Description of PQEs

PQE Label Type

Pure sinusoidal+ Noise PQE1
Sag + Noise PQE2
Harmonic + Noise PQE3
Notch + Noise PQE4
Swell + Noise PQES5 Single
Flicker + Noise PQEG6
Transient + Noise PQE7
Impulse/Spike + Noise PQE8
Interruption + Noise PQE9
Sag + Flicker + Noise PQE10
Sag + Notch + Noise PQE11
Sag + Harmonic + Noise PQE12
Sag + Transient + Noise PQE13
Harmonic + Notch + Noise PQE14
Flicker + Notch + Noise PQE15
Flicker + Harmonic + Noise PQE16
Interruption + Harmonic + Noise PQEL7
Flicker + Transient + Noise PQE18
Swell + Harmonic + Noise PQE19
Swell + Flicker + Noise PQE20
Swell + Notch + Noise PQE21
Swell + Transient + Noise PQE22
Notch +Transient + Noise PQE23 Multiple
Transient + Harmonic + Noise PQE24
Spike + Transient + Noise PQE25
Sag+ Flicker+ Transient + Noise PQE26
Sag +Notch+ Transient + Noise PQE27
Sag +Harmonic+ Transient + Noise PQE28
Swell+ Flicker+ Transient + Noise PQE29
Swell +Notch+ Transient + Noise PQE30
Swell +Harmonic+ Transient + Noise PQE31
Flicker + Harmonic + Transient + Noise PQE32
Flicker + Notch + Transient + Noise PQE33
Harmonic + Notch + Transient + Noise PQE34
Flicker + Harmonics + Interrupt + Noise PQE35
Spike + Transient + Swell + Noise PQE36
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Figure 6.1 Generated PQEs (a) Swell + Noise, (b) Harmonics + Noise, (c) Transient+ Noise, (d)
Sag +Harmonics + Noise, (e) Notch +Transient + Noise and (f) Sag + Harmonics + Transient +
Noise.

6.3 Methodology

6.3.1 Theoretical Background

An efficient method for analyzing multicomponent non-stationary signals is
T-F analysis. The T-F representation that is produced by T-F analysis of a
signal allows for the observation of its time-varying characteristics. Assume
that s(t) is a multicomponent non-stationary signal. At this point, s(t) may be
stated mathematically as

s(t) = Xéoysc (£) = L&, A (£)e'e® (6.1)
The instantaneous amplitude and instantaneous phase of the signal s(t) are

denoted by Ac(t) and ¢.(t), respectively, in equation 6.1. The Instantaneous
Frequency (IF) is the first derivative of ¢(t) i.e., ¢'(t). The multicomponent
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signal s(t) may thus be mathematically represented using the T-F
representation as follows:

TFR(t,w) = L& Ac(D)8(w — @(t))e've® (6.2)

d(.) in the previously described equation stands for the "Dirac delta function”,
which in discrete signal processing degenerates to the "Kronecker delta
function™ [107]. The T-F representation only produces high energy
concentrations at the IF trajectories, according to equation 6.2 [107-108].
STFT and WT are the standard methods for T-F analysis of a signal. A 1-D
signal (in the time domain) can be transformed into a 2-D T-F domain using
STFT and WT. The T-F representation image is the image plot of the 2-D T-
F domain. Time-varying aspects of a signal can be identified from its T-F
representation, which is produced using STFT and WT. However, the
"Heisenberg uncertainty principle” states that it is challenging to derive
accurate information about a signal's time-varying characteristics from the T-
F representation obtained by a traditional method.

To address the limitations of the traditional T-F strategy, other sophisticated
techniques have been proposed. One of the most sophisticated T-F analysis
techniques is the Synchro Squeezing Transform (SST). The T-F
representation produced by the traditional method is enhanced by SST. SST
was initially used with continuous WT and then with STFT-based T-F
representations [108]. The focus of this study has been on STFT-based SST.
Based on the local IF estimation in the 2-D T-F representation, the SST
concentrates the representation's energy on each component's local IF
trajectory. The mathematical expression for the local IF estimate @&z, w) is as
follows [108-109]:

~ _ S§¢F(t,w)

o(t,w) = YTy F(t,w) #0 (6.3)
F(tw) is the STFT of s(t) in equation 6.3 and it may be further stated as

F(w,t) = fj; q(v — t)s(v)e =0 gy (6.4)

In this case, the sliding window function is q(t). The "gaussian window
function" is used in this work, can be expressed mathematically as

q(t) = e=05¢* (6.5)
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Consequently, the mathematical expression for the SST of signal s(t) is as
follows [108-109]:

SST(t,n) = [ F(t,w)6(n — &(t, )) dw (6.6)

n denotes the "frequency-reassignment operator" in the equation 6.6, which
assembles the spread T-F coefficients. Therefore, SST can be used to sharpen
the hazy T-F representation produced by STFT around the IF trajectories of
each component. The signal's components may now be reconstructed using
equation 6.7, which is written as

1
s.(t) = o f|w_¢g<t>|<d SST(t, w)dw (6.7)

The "reconstruction bandwidth parameter"” of SST is denoted by d in equation
6.7. In the 2-D T-F representation, this parameter is used to correct the
mistakes that occur during local IF estimation. To get a sharp T-F
representation of a signal, d should be kept low. The publication [107-108]
provides further information about SST.

6.3.2 Multisynchrosqueezing Transform

The difference between the real and estimated IF will be large if the signal is
significantly non-stationary [109]. When the PQE signal is significantly non-
stationary, this might lead to a hazy T-F representation (produced using
SST). Multiple SST operations can be performed to overcome this SST
constraint. After several SST operations, the estimated IF has been shown to
be substantially closer to the real IF. Therefore, it is possible to increase the
T-F representation's sharpness and concentration by performing several SST
operations. The Multisynchrosqueezing Transform (MSST) is the term used
to describe this multiple SST operation method. A mathematical expression
for the MSST operation of the signal s(t) for N iterations is as follows [107]:

MSSTM (&, ) = [*7F(t, 0)8(n — &M (¢, w)) dw (6.8)

The estimated IF following N times SST procedure is represented by
@™t w) in the equation 6.8. Mathematically, the discrete version of MSST
operation is stated as
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MSST™M(d, p) = 2j =5 FId,j18[p — &™[d, j1] (6.9)

where, d = discrete time variable.
L = number of samples in a signal.
p = discrete frequency variable.

6.3.3 Tuning of Iteration Number in MSST

The optimum number of iterations during the MSST operation must be
determined to provide a focused and sharpened T-F representation of a non-
stationary signal. However, because the degree of non-stationarity varies
among PQE signals, it is theoretically incorrect to analyze all PQE signals
using a fixed value for the iteration number. As a result, this study presents
an adaptive MSST that adjusts the iteration number according to the Rényi
entropy measurement. It should be noted that the most concentrated T-F
representation is obtained when the Rényi entropy has the lowest value [109].

6.3.4 T-F Representation with MSST

The features of various single and multiple PQE signals in the T-F
representation are observed in this work using adaptive MSST. The MSST
operation on the PQE signal produced a 2D complex MSST matrix as its
output and the absolute MSST matrix's image plot serves as a T-F
representation image. The MSST image in this case refers to the PQE signal
transformed into T-F representation images. The MSST images for the PQEs
"Sag + Noise," "Harmonics + Noise," "Transient + Noise," ""Sag + Harmonics
+ Transient + Noise," and "Notch + Transient + Noise" are shown in Figure
6.2(a—e), respectively. Figure 6.2 shows that MSST images have good T-F
resolution, which is helpful for identifying various PQE types. Thus, TL with
CNN has been used to extract useful features from the MSST images. A
quick explanation of TL is given in the next section.
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Figure 6.2 MSST images correspond to PQEs (a) Swell + Noise, (b) Harmonics + Noise, (c)
Transient+ Noise, (d) Sag +Harmonics + Noise, (€) Notch +Transient + Noise and (f) Sag +
Harmonics + Transient + Noise.

6.3.5 Automated Deep Feature Extraction using TL

The T-F representation of the PQE signal is used to manually extract features
in the classical machine learning technique. Decision-making in this classical

-93-



Chapter 6

method necessitates both quantitative and qualitative analysis [85, 110]. CNN
has become increasingly popular in recent years for tasks such as feature
extraction, object identification and image classification [85, 110]. It makes
use of convolution operations, which are capable of automatically and
adaptively learning spatial characteristics in images. The "convolution layer,"
"pooling layer," and "fully connected layer" form a basic CNN block. The
last layer maps the learned features for classification purposes, whereas the
previous two layers are in charge of feature extraction [85].

CNN is incredibly helpful for tasks involving images, but training a CNN
model from scratch has several drawbacks, which are as follows:

* Training a network from scratch requires a large amount of data and with a
limited amount of data; there is a chance that the CNN model may overfit the
training data [111-112]. Nevertheless, there is very little PQE data collected
for this study.

* The weights in a deep CNN model are initialized at random. These weights
are modified following each iteration of the network's training process based
on the labeled data and the loss function. It is computationally expensive to
update all the weights repeatedly [111-112].

Considering these drawbacks, this work uses the TL approach to train
machine learning models for the identification of single and multiple PQEs
utilizing T-F representation images as input. As the name implies, TL applies
previously learned information from a pretrained model to a new task. TL is
widely used in many engineering problems and is highly favored in machine
learning research [111-112]. It should be noted that TL-based approaches
work quite well with small datasets. Additionally, this method is quicker than
training a network from scratch [111-112].

This study uses the TL technique to extract features from MSST images that
have been transformed from PQE signals. Four pre-trained deep CNN
architectures have been used for this purpose, including "VGG16" [113],
"ResNet50" [111], "DenseNet201" [112] and "InceptionV3" [112]. Every
deep CNN architecture produces outstanding results and has been thoroughly
trained using the ImageNet dataset. Due to their several layers and millions of
learnable parameters, these deep CNN architectures require a significant
amount of time to train [108-111]. Even though medical and infrared images
differ greatly from natural images, CNN architectures trained on the
ImageNet dataset have been effectively used for tasks relating to medical and
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infrared imaging in a number of publications [108-109]. Inspired by these
successes, this work applies the deep CNN architecture's learnings from the
ImageNet dataset to the MSST image dataset transformed from PQE signals
for automated feature extraction. A summary of the suggested TL-based
feature extraction from the PQE signal-transformed T-F representation image
is shown in Figure 6.3. The following is a quick explanation of the pre-
trained deep CNN architectures utilized in this study.

Extracted deep

MSST image Pre trained convolution/
features

dataset pooling layers

I~ fam—

Figure 6.3 Automated deep feature extraction based on TL.

VGG16: The Oxford Visual Geometry Group (VGG) developed the deep
CNN known as "VGG16" [113]. The network is a 16-layer series system.
VGG16 has a very basic architecture made up of 13 CL, 5 PL and 3 FCL.
The publication [113] provides a detailed explanation of the VGG16
architecture.

ResNet50: Residual learning forms the basis of the Deep Residual Neural
Network (ResNet) [111]. It is a widely used architecture designed to address
various deep learning challenges. In residual learning, residual blocks create
a direct pathway from the input to the output, which helps to overcome the
vanishing gradient problem. The 50-layer residual network, known as
"ResNet50," is used in this work.

DenseNet201: Huang et al.’s Dense Convolutional Network (DenseNet) was
a top-performing architecture in the 2017 ILSVRC competition. In
conventional deep networks, each layer is connected only to the next layer.
DenseNet introduces a new structure called a dense block, which allows
feature reuse across the entire network [112]. This reduces the number of
learnable parameters and helps to mitigate the vanishing gradient problem.
DenseNet has four variants:  ""DenseNet121,"  "DenseNet169,"
"DenseNet201," and "DenseNet264". The 201-layer variant, "DenseNet201,"
is used in this work.
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InceptionV3: The main objective of "InceptionVV3", developed by Szegedy et
al. in 2015 [114], is to design a deep architecture with reduced computational
complexity. By using factorized convolutions, it lowers the number of
learnable parameters. InceptionVV3 consists of 48 layers and has been
extensively trained on the ImageNet dataset.

6.3.6 Classifier used

Four popular classifiers have been employed in this task: Gaussian naive
bayes (GNB), Support Vector Machine (SVM), Random Forest (RF) and K-
Nearest Neighbor (KNN). Since the idea behind the aforementioned
classifiers has been widely accepted and utilized throughout time, in-depth
explanations are not included in this thesis. [88], [112], [28] and [112]
provide descriptions of GNB, SVM, RF and KNN, respectively.

6.4 Result and Discussions

6.4.1 Performance Analysis

This research proposes an enhanced deep learning-based framework that uses
a T-F representation image as input to automatically recognize single and
multiple PQEs. Within this system, PQE signals are converted into T-F
representation images after being processed using MSST. The encoded T-F
representation images are then sent to the appropriate pre-trained CNN model
for automatic deep feature extraction after being resized to meet the models'
specifications (listed in Table 6.2). It should be noted that this study uses the
Keras library to automatically extract features from the CNN model pre-
trained on a large dataset. Following deep feature extraction, a one-way
analysis of variance (ANOVA) test is applied to further examine the
statistical significance of the features extracted. Based on the probabilistic
value (p-value), the ANOVA test can identify discriminative features [111].
Following the ANOVA test, the top 100 discriminative deep features are
selected for the classification procedure.
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Table 6.2: Brief information about automated feature extraction from the pre-trained networks

Architecture Year Image Layer from which No. of
proposed input size features have been feature
extracted extracted
VGG16 2014 224%224%3 “fc6” 4096
ResNet50 2015 224x224%3 “avg_pool” 2048
DensNet201 2017 224x224%3 “avg_pool” 1920
InceptionV3 2015 299%299x3 “avg_pool” 2048

Four benchmark classifiers (SVM, RF, KNN and GNB) are employed for
classification in this study. To train the classifier, an optimal hyperparameter
needs to be determined. Apart from Naive Bayes, all classifiers
hyperparameters are tuned using the configuration shown in Table 6.3. The
best hyperparameters are selected for this study using a 4-fold cross-
validation approach. It is important to note that the classification performance
is evaluated using three metrics: accuracy, specificity and F1-score. The
evaluation metrics for each fold are calculated using the corresponding
confusion matrix. The mean value of the evaluation metrics are reported in
Table 6.4. The best effective pretrained CNN model for automatic feature
extraction from T-F MSST spectrum images encoded with PQE signals is
"VGG16," as shown in Table 6.4. This is explained by the fact that the most
informative and discriminative features are obtained using "VGG16." It
should be noted that the "VGG16-SVM" feature extractor-classifier model
produces the best results. Additionally, it is observed that "ResNet50"
"DenseNet201" and "InceptionV3" perform nearly identically. The "VGG16-
SVM" feature extractor-classifier model's class-wise performance is
presented in Table 6.5. The confusion matrix of this classification has been
shown in Figure 6.4.

Table 6.3: Configuration setup adopted for classification process

Classifier |Optimizer used | Parameters tuned Setup
SVM Random search Cc 2-51t0210
y 2-15t0 24
k-NN Grid search No. of neighbors 3109 (in step of 1)
NB - - Gaussian probability
density function
RF Grid search | No. of decision tree | 50-500 (in step of 50)
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Table 6.4: Performance analysis of four architectures and four classifiers (16 combinations) for
PQE signal converted MSST images

Architecture | Classifier AC((::)J/; )a cy Spe((;l/il)c ity Fl(s/((:)c))re
kNN 99.54 99.98 99.54
SVM 99.58 99.98 9150
VGG16 GNB 99.43 99.98 99.43
RF 99.57 99.98 99.57
K-NN 99.44 99.98 99.44
SVM 99.49 99.98 99.49
ResNet50 GNB 99.41 99.97 99.41
RF 99.52 99.98 99.52
kNN 99.36 99.97 99.36
DenseNet201 | SVM 99.38 99.97 99.38
GNB 99.28 99.97 99.28
RF 99.42 99.98 99.42
K-NN 99.12 99.96 99.12
InceptionV/a SVM 99.14 99.96 99.14
GNB 99.03 99.96 99.03
RF 99.19 99.97 99.19
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Table 6.5: Class wise performance for “VGG16-SVM” feature extractor-classifier model

Class Accuracy Precision Recall F1 score Specificity
identifier (%) (%) (%) (%) (%)
PQD1 100.00 100.00 100.00 100.00 100.00
PQD2 100.00 100.00 100.00 100.00 100.00
PQD3 100.00 100.00 100.00 100.00 100.00
PQD4 100.00 100.00 100.00 100.00 100.00
PQD5 99.87 99.61 95.69 97.61 99.99
PQD6 99.94 98.94 98.88 98.91 99.97
PQD7 99.94 98.63 99.19 98.91 99.96
PQD8 99.94 99.31 98.50 98.90 99.98
PQD9 99.94 99.31 98.50 98.90 99.98
PQD10 99.50 99.55 82.38 90.15 99.99
PQD11 99.13 99.46 69.06 81.52 99.99
PQD12 99.09 99.45 67.56 80.46 99.99
PQD13 99.38 98.29 79.06 87.63 99.96
PQD14 99.38 99.13 78.38 87.54 99.98
PQD15 99.50 99.18 82.69 90.18 99.98
PQD16 99.75 100.00 91.00 95.29 100.00
PQD17 99.56 100.00 84.19 91.41 100.00
PQD18 99.75 99.26 91.69 95.32 99.98
PQD19 99.63 99.22 87.38 92.92 99.98
PQD20 99.81 99.27 93.88 96.50 99.98
PQD21 99.75 99.26 91.69 95.32 99.98
PQD22 99.63 100.00 86.69 92.87 100.00
PQD23 99.25 99.49 73.38 84.46 99.99
PQD24 99.31 99.51 75.56 85.90 99.99
PQD25 99.44 100.00 79.81 88.77 100.00
PQD26 99.50 100.00 82.00 90.11 100.00
PQD27 99.38 100.00 77.69 87.44 100.00
PQD28 99.56 100.00 84.19 91.41 100.00
PQD29 99.44 99.53 80.19 88.82 99.99
PQD30 99.44 99.53 80.19 88.82 99.99
PQD31 99.50 100.00 82.00 90.11 100.00
PQD32 99.38 100.00 77.69 87.44 100.00
PQD33 99.31 99.51 75.56 85.90 99.99
PQD34 99.56 100.00 84.19 91.41 100.00
PQD35 99.19 100.00 70.81 82.91 100.00
PQD36 99.31 100.00 75.19 85.84 100.00
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Figure 6.4 Normalized confusion matrix heatmap for all the 36 classes.
6.4.2 Computational Time Calculation

The computing time of the framework is crucial for real-world deployment. It
takes around 8640 seconds in total to transform the PQE signal dataset into
an MSST image dataset (approximately 0.15 seconds for each signal). It took
1613 seconds (approximately 28 ms for a single image) to extract deep
features from the MSST image dataset using VGG16. Training the classifiers
(SVM, k-NN, RF and GNB) takes approximately 38, 33, 46 and 28 seconds,
respectively. Additionally, it has been noted that the suggested framework
can identify a PQE in less than 1 second (for a single signal in 2.5 GHz Intel
core i5 system with 8 GB RAM) following data acquisition, making it very
appropriate for real-world use.

6.4.3 Performance under Noisy Background

In the actual world, background noise can taint PQE signals. In light of this,
the effectiveness of the suggested approach has been examined using PQE
data that has been tainted by background noise. To do this, the suggested
framework for PQE identification is given PQE data that has been tainted by
white Gaussian noise with SNR values of 10 dB, 20 dB, 30 dB and 40 dB.
The results show that the performance of the suggested framework slightly
decreases with the degree of noise pollution in Table 6.6. However, the
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framework's performance under noisy background is still satisfactory.
Therefore, using the suggested approach in a noisy environment is feasible.

Table 6.6: Performance of the proposed method under noisy environment

SNR value Accuracy
(dB) (%)
10 99.40
20 99.44
30 99.58
40 99.62

6.4.4 Performance Analysis with Other T-F Analysis

This section presents a comparison of the performance of the suggested TL
technique using MSST-based T-F representation image with other T-F
representation images. Several benchmark T-F analyses, including the "Short
Time Fourier Transform" (STFT), "Continuous Wavelet Transform™ (CWT),
"Winger Ville Distribution” (WVD), "Stockwell Transform™ (ST),
"Hyperbolic Window Stockwell Transform" (HWST) and "Synchro
Squeezing Transform™ (SST), have been used to obtain the T-F
representation images of PQE signals for this purpose. The PQE signal-
converted T-F representation images are then input into four CNN models
that have already been trained for automatic feature extraction. Four machine
learning classifiers are then used to classify the features that have been
extracted. Notably, the ANOVA test is used to examine the extracted features
in this case as well and the classifier is given the top 500 discriminative
features. The best feature extractor-classifier model's performance using the
STFT, CWT, WVD, ST, HWST and SST T-F representation images is shown
in Table 6.7. The optimum combination using MSST performs 0.7%, 0.57%,
0.49%, 0.15%, 0.09% and 0.13% better, respectively, according to the study
shown in Table 6.7. For PQE identification, the MSST T-F representation-
aided TL technique is hence more effective than other T-F representation-
based approaches.
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Table 6.7: Performance comparison with other T-F representation

T-F image Best combination AC((:;;;W
STFT VGG16-RF 98.88
CWT ResNet50-SVM 99.01
WVD ResNet50-RF 99.09
ST VGG16-RF 99.43
HWST VGG16-RF 99.49
SST VGG16-SVM 99.45
MSST VGG16-SVM 99.58

6.4.5 Performance Analysis with Real-Life Power Quality Event
Data

To determine the efficacy, the method's performance is verified using actual
PQE data. Six distinct real-life PQE data sets were gathered from nearby
utilities for this study. Table 6.9 reports the suggested method's validation
performance. The performance is considered satisfactory based on the
validation report. As a result, the suggested approach can potentially be
applied in real-world scenarios to diagnose PQEs.

Table 6.8: Real-life PQE data from local utilities

PQEs No. of collected data
Sag 20
Sag + Notch 15
Harmonics 25
Notch 20
Transient 15
Transient + Harmonics 15

Table 6.9: Validation performance using real-life PQE data

Accuracy Precision Specificity F1 score
(%) (%) (%) (%)
98.18 98.13 99.64 98.29

6.4.6 Comparative Analysis with Existing State of-the-Art
Techniques

Table 6.10 presents a comparison between the suggested framework and
current state-of-the-art methods. The performance of PQE identification
utilizing the suggested framework is very similar to state-of-the-art methods,
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according to the results shown in Table 6.10. In comparison to state-of-the-
art methods, the suggested framework also has the benefit of being able to
identify more single and multiple PQEs. Additionally, the suggested solution
eliminates the need for human feature extraction by automating the feature
extraction process. As a result, the suggested approach is ideal for monitoring
PQEs in EPS networks in real-life scenarios.

Table 6.10: Comparisons of proposed technique with other state-of-art techniques

No. of Feature Accuracy

Paper Year PQEs extraction

o (%)
classified mode

[100] 2018 14 Manual 99.46
[101] 2021 10 Manual 99.67
[72] 2015 22 Manual 99.09
[95] 2018 14 Manual 97.29
[75] 2016 13 Manual 99.37
[28] 2018 13 Manual 99.61
[105] 2019 16 Manual 99.81
[106] 2019 13 Automatic 99.46
[39] 2019 9 Automatic 99.67
[91] 2019 16 Automatic 99.69
[58] 2021 18 Automatic 99.86
[40] 2020 29 Automatic 97.84
[36] 2020 24 Automatic 99.26
This work - 36 Automatic 99.58

6.5 Conclusions

An automated, precise and reliable technique for diagnosing single and
multiple PQEs in an EPS network is presented in this work. PQE signals that
correlate to 9 single PQEs and 27 mixed PQEs have been synthesized for this
purpose. After that, the MSST procedure is used to encode the PQE signals
into T-F spectrum images. The T-F images have now been put into a few
pretrained CNN architectures for automatic deep feature extraction, including
"VGG16," "ResNet50," "DenseNet201," and “InceptionVV3." In the end, the
features have been classified using a few benchmark machine learning
classifiers. The following is a presentation of the work's noteworthy
contributions.

» The suggested approach has an acceptable accuracy of 99.58% in
identifying 36 distinct PQEs, both single and mixed.

* The suggested approach works well in noisy environments.
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» When compared to other T-F spectrum images, MSST-based T-F spectrum
images (i.e., MSST images) provided better deep feature extraction
performance. This indicates that, in comparison to other T-F spectrum
images, MSST images contain more relevant information about the PQE.

* This technique uses pretrained CNN models for deep feature extraction,
which significantly reduces the high computational cost of creating a CNN
model from scratch.

» The suggested method's accuracy has been determined to be significantly
comparable with the cutting-edge approaches. Additionally, the suggested
approach performs satisfactorily when tested on data from actual PQE
occurrences.

Thus, it can be concluded that the suggested plan may be used to diagnose
PQEs in EPS networks.
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Chapter 7

Conclusions

7.1 Conclusions

The research presented in this thesis focuses on several techniques that can be
used to identify and classify Power Quality Events (PQES). It is possible that
multiple PQEs may take place at the same time and overlap with each other.
As a result, techniques for identifying and classifying multiple PQEs are
discussed. It has two parts: analysis using signal processing techniques and
analysis using artificial intelligence techniques. The methods presented in the
study were chosen with the aim of reducing the overall computation time for
PQE monitoring. Additionally, the suggested techniques perform
satisfactorily in noisy backgrounds, frequency fluctuations and with real-
world data obtained from nearby power providers. The following paragraphs
provide a summary of the salient points of this thesis.

Long-term power signal monitoring in a power station provides real-time
PQE data. However, utility professionals are the only ones with access to this
data. As a result, real-world data is always restricted. Simulated data is an
alternative option for PQE research. However, as practical experience has
shown, simulated data is always different from real-world data. Therefore, it
is usually preferable that the study be conducted using data from real-world
situations. However, in practice, it is not possible to produce real-world data
with events exactly the way that one desires. Therefore, in Chapter 2, an
experimental setup for PQE generation is built to address the difficulty.

In Chapter 3, the objective is to develop strategies for PQE analysis based on
digital signal processing and requiring little human intervention. A signal
tracker is introduced to extract actual events from the PQE signals generated
by the specially designed experimental setup. Afterwards, a median filter is
successfully applied to remove signals having sharp rising edges, so that the
quantitative analyses can be processed appropriately to establish the presence
of PQEs. In addition, Chapter 3 also discusses the successful use of a discrete
Fourier transform and median filter-based approach to analyze generated
PQE signals and determine whether events are present. Though these
approaches appear to be simple and straightforward, their effectiveness in
recognizing events is comparable to other methods used in recent times. The
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results show that the suggested methods provide efficient performance with
96.7% and 99.61% accuracy and less computational time without using
conventional classifiers or complex mathematical tools. Therefore, the
methods may be implemented in online applications to enhance Power

Quality (PQ).

The next part of the work introduces artificial intelligence-based automated
identification and classification of PQEs using image processing. Feature
extraction techniques perform a crucial role in the automatic PQE
classification method. Collaboration between the classification method and
the feature extraction technique is vital. The S-transform is used in Chapter 4
to convert PQEs into time-frequency greyscale images. After that, the
modified CNN architecture uses those images as input for both feature
extraction and classification. The result shows that the proposed method
effectively detects single as well as multiple PQEs with an acceptable
accuracy of 99.83%. In Chapter 5, the hyperbolic window Stockwell
transform is used to convert PQE signals into images. Afterwards, a deep
neural network is designed using the stacking of three autoencoders in order
to extract deep features from the PQE signals converted by hyperbolic
window Stockwell transform matrices. These automatically extracted features
are then fed as input to several benchmark machine learning classifiers.
According to the results, the XGBoost classifier delivers the best
performance in classifying 18 different single and multiple PQEs with
99.86% accuracy. The proposed method also performs satisfactorily under
background noise, frequency variation and with real-life PQEs data. Chapter
6 discusses a multisynchrosqueezing transform-based image processing and a
pretrained CNN architecture-based feature extraction approach. The selection
of significant features is done using one-way analysis of variance. Thereafter,
several benchmark classifiers are used to classify the selected features. A
total of 36 PQEs (9 single and 27 multiple) are categorized in this study. The
results indicate that the features extracted by VGGNet16 and classified by the
support vector machine can detect PQEs with an accuracy of 99.58%.
Another advantage of the suggested method is that it detects a greater number
of single and multiple PQEs than existing approaches. The marginal drop in
accuracy is justified by the significant increase in the number of PQE signals,
making it a more effective and scalable solution for real-world circumstances.
The faster processing time, combined with acceptable accuracy, makes these
techniques more suitable for practical applications, especially those requiring
real-time performance.
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7.2 Future Scope

To properly identify and classify multiple PQEs, the study described in the
thesis uses carefully selected feature extraction and classification techniques.
However, the field of multiple PQE identification and classification still has a
lot of room for future research. For instance, it is possible to improve PQE
monitoring by using a minimum number of features for event identification
while maintaining accuracy, dependability and effectiveness. The
computational load is reduced when a minimum number of features are
chosen, which allows more attention to be given to the early detection of
PQEs in future research. It is also necessary to look at the performance of
different classifiers to determine an event. The increasing use of renewable
energy sources such as wind and solar creates new types of PQEs due to their
intermittency and variability. Therefore, other feasible multiple PQE
combinations, which might include more than three concurrently occurring
events, can be investigated in addition to the events included in this thesis.
The various PQE monitoring approaches presented in this thesis are easily
implementable in stand-alone modules based on microcontrollers for the
Electrical Power System (EPS) networks. The development and refinement
of advanced mitigation techniques that are both proactive and adaptive to
dynamic grid conditions are essential for future power system resilience.
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