Supervised and Unsupervised Deep Learning Models for
Partial Discharge Source Detection and Classification in
Electrical Insulation

by

Sara Mantach

A thesis submitted to the Faculty of Graduate Studies of
The University of Manitoba

in partial fulfillment of the requirements of the degree of

Doctor of Philosophy

Department of Electrical and Computer Engineering
University of Manitoba
Winnipeg, MB, Canada

Copyright () 2023 Sara Mantach



Deep Learning for PD Classification Examining Committee

Examining Committee

This thesis was examined and approved by the following examining committee on August

11, 2023:
e Dr. Behzad Kordi (Advisor)

Department of Electrical & Computer Engineering

University of Manitoba, Winnipeg, MB, Canada

e Dr. Ahmed Ashraf (Co-advisor)
Department of Electrical & Computer Engineering

University of Manitoba, Winnipeg, MB, Canada

e Dr. Pooneh Maghoul
Department of Civil Engineering

University of Manitoba, Winnipeg, MB, Canada

e Dr. Namal Fernando
Department of Electrical & Computer Engineering

University of Manitoba, Winnipeg, MB, Canada

e Dr. Andrea Cavallini (External Examiner)
Department of Electrical Energy and Information ” Guglielmo Marconi”

University of Bologna, Bologna, Italy
The Ph.D. oral examination was chaired by:
e Dr. Babak Mehran

Department of Civil Engineering

University of Manitoba, Winnipeg, MB, Canada

-1 -



Deep Learning for PD Classification Abstract

Abstract

Condition monitoring of electrical insulation of high voltage apparatus is of much importance
for the reliable operation of electric power systems. An effective way to monitor the health
of such systems is the measurement of partial discharges (PDs) in the insulation material.
In order to prevent the PD from progressing in the insulation material, the source of PD
should be known. The PD classification problem in high voltage systems changes from a
single-class to a multi-class and multi-label classification problem when PD sources take place
simultaneously in real-life systems. Regardless of being single-label or multi-label, supervised
learning has been employed for PD source classification by academics and researchers where
labelled data and the number of PD sources are two prerequisites for the training process.
What makes PD classification more complicated in real life scenarios is that the number of
PD sources in an insulation system is unknown. This makes the problem of PD classification
an unsupervised one, where there is no prior knowledge of the number of PD sources.
Machine learning techniques offer a solution for PD classification by allowing to train
models based on extracted features. The performance of such algorithms heavily depends on
the choice of features. This can be overcome by using deep learning where feature extraction
is done automatically by the algorithm, and the input to such an algorithm is the raw input

data.
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This research is focused on developing deep learning models for the classification of PD
sources in the insulation of high voltage systems. The developed models include: model for
classifying multi-source PDs and single-source PDs without introducing multi-source PDs in
the training stage, interpretable attention based model that propose non linear filters that
are capable of differentiating between PD signals that look alike, and an unsupervised deep
learning model for predicting the number of partial discharge sources. These models present
the base for smarter next generation PD monitoring software that can be used by researchers
and experts in industry in order to overcome the challenges and limitations that are present

in current practices.
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Chapter 1

Introduction

1.1 Motivation

Many essential services in our society necessitates maintaining consistent supply of electrical
power with reliable infrastructure that ensures the system is free of faulty conditions [1]. The
infrastructure’s insulation material is responsible for isolating the components of the electri-
cal equipments from each other and from the ground [2]. On other side, partial discharges
(PD) are localized electrical discharge that only partially bridges the insulation between
conductors in electrical equipments [3]. The poor design, improper installation, or aging of a
high voltage electrical equipment, and the presence of cavities or impurities within the insu-
lation system can trigger PD to take place. Hence, an early detection of PD in the insulation
system of any electrical equipment reduces the risk of a total breakdown. Different techniques
have been employed to detect these PDs. These techniques are based on acoustic, optical,
chemical, ultra high frequency and electrical measurements. The electrical measurement of

these PDs in high voltage systems is the focus of the current research. In a perfect scenario,
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sensors can be used to monitor different insulation in a high voltage system. Nevertheless,
this is highly expensive and time consuming. Therefore, the performance of the insulation is
evaluated indirectly by studying the electrical current on the terminals of the system. Each
source of partial discharges is accompanied with a unique discharge mechanism which yields
unique features. Hence, the goal of the classification of the PD sources is to be aware of the
defect which is causing the discharges. Phase related and time resolved recognition are the
two basic means to recognize discharges [4]. Time series waveforms resulting from different
sources of partial discharges have been used in deciding what PD sources are present. On
the other hand, phase resolved partial discharge (PRPD) patterns have been widely used in
research and industry as a diagnostic tool to classify different sources of partial discharges.
PRPD patterns include the discharge magnitude and the discharge rate with respect to the
phase of the applied AC voltage. Engineers and domain experts have been using signal
processing and pattern recognition algorithms in order to inspect time series signals and
PRPD patterns [5,6]. These algorithms include data processing and feature extraction.
Data processing is important to get informative information of the data. Feature extraction
includes dimension reduction by using different linear, non linear, and statistical operators.
The above automation process necessitates human expertise for the pre-processing of the
input data, specially for the feature extraction stage. These engineered features constitute
a characterization vector in a multidimensional space where thresholds have to be specified
in order to distinguish different classes where a class, for example, can include PDs from
a given source of defect. In order to specify these thresholds, different traditional machine
learning classifiers are used such as Support Vector machine (SVM), Fuzzy SVM [7], Kernel
SVM, Radial Bases Function Network [8], Probabilistic Neural Networks [9], Naive Bayes and

AdaBoost [10]. A more detailed review on traditional machine learning techniques for PD
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classification can be found in [11]. The main restriction of the classical approach, i.e. man-
ual feature extraction followed by applying classifiers, is that human expertise is needed for
extracting meaningful engineered features. With the availability of computational resources
and big data, deep learning, which is an evolving branch in machine learning, started to
gain more attention. Deep learning allows the feature selection stage to be integrated with
the learning process; thus, making the process all automated. The motivation of this PhD
work is studying the integration of deep learning algorithms (supervised and unsupervised)

in detecting and classifying partial discharges in the insulation of high voltage systems.

1.2 Research Objectives

The objectives of this research include:

e Developing a deep learning (DL) model for classifying multi-source PDs and single-

source PDs without introducing multi-source PDs in the training stage.

e Creation of an interpratable DL model that is capable of differentiating between dif-
ferent time series waveforms that look alike. With the emergence of new technologies,
wherein the interference pulses become more similar to PD pulses, established tools

that are used in industry fail to differentiate between these pulses.

e The development of an unsupervised system that would predict the number of PD
sources taking place in a high voltage (HV) system that is more robust to noise and
interference compared to other well established clustering tools that are used in indus-

try.
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1.3 Research Contributions

The contributions of this research consist of the following:

e A novel convolutional neural network (CNN) -based architecture for classifying multi-
source PDs and single-source PDs without introducing multi-source PDs in the training

stage.

e A CNN based model followed by a post-hoc attention mechanism for classifying PD
signals that look alike, where established tools (e.g. T-F map) used in industry fail to

classify these signals.

e A novel unsupervised deep learning system based on convolutional autoencoder and
adaptive clustering technique for predicting the number of partial discharge sources

taking place in stator hydro-generator bars.

1.3.1 List of Publications

Journal Papers

1. S. Mantach, A. Ashraf, H. Janani, and B. Kordi, “A convolutional neural network-
based model for multi-source and single-source partial discharge pattern classification

using only single-source training set,” Energies, 14(5), pp. 1355, March 2021.

This paper proposed a novel convolutional architecture for single-source PD and multi-
source PD classification using training data with ground-truth available only at the
level of single-source PDs. The proposed architecture consists of a convolutional back-

bone feeding into multiple fully connected neural networks (FCNs).
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2. S. Mantach, P. Gill., D. Oliver, A. Ashraf, and B. Kordi, “An interpretable CNN
model for classification of partial discharge waveforms in 3D-printed dielectric samples
with different void sizes.” Neural Computing and Applications, 34(14), pp. 11739-
11750, March 2022.

This paper proposed a 1D-CNN architecture which was designed, implemented, and
tested to investigate the PD pulses generated in a void inside a solid dielectric. In
addition, an attention mechanism was added to the learned CNN model to introduce

interpretability to the decisions made by the deep neural network.

3. S. Mantach, A. Lutfi, H. Moradi Tavasani, A. Ashraf, A.; A. El-Hag, and B. Kordi,
“Deep learning in high voltage engineering: A literature review.” FEnergies, 15(14),

pp- 5005, July 2022.

This paper presented a review of the recent literature on the application of deep learning
techniques in monitoring high voltage apparatus such as GIS, transformers, cables,

rotating machines, and outdoor insulators.

4. S. Mantach, M. Partyka, V. Pevtsov, A. Ashraf, and B. Kordi, “Partial Discharge
Adaptive Clustering Method for Stator Bars Based on Unsupervised Deep Learning.”

Accepted for publication in IEEFE Transactions on Dielectrics and FElectrical Insulation.

In this paper, a robust unsupervised deep learning model which is based on convo-
lutional autoencoder and adaptive clustering technique is proposed for unsupervised

clustering.
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Conference Papers

1. S. Mantach, H. Janani, A. Ashraf and B. Kordi, “Classification of partial discharge
signals using 1D convolutional neural networks.” IEEFE Canadian Conference on Elec-
trical and Computer Engineering (CCECE), 12-17 September, 2021, Toronto, ON (on-

line), Canada.

In this paper, a study was conducted to evaluate the performance of a one-dimensional

CNN model for PD detection and to assess how prone it is to noise and interference.

2. S. Mantach, P. Gill., D. Oliver, A. Ashraf, and B. Kordi, “Assessing one-vs-all 1D-
CNN classifiers for multi-label classification of partial discharge waveforms in 3D-
printed dielectric samples with different void sizes,” IEEE Conference on FElectrical
Insulation and Dielectric Phenomena (CEIDP), 31 October-2 November, 2022, Den-
ver, CO, USA.

In this paper, a study presented on the limitations of multiple one-versus-all, one-
dimensional (1D), CNNs for multi-label classification of PD.
3. Contributions were made to the following as a co-author:

H. Moradi Tavasani, S. Mantach, M. Gunawardana, B. Tabei, and B. Kordi, “Local-
ization of partial discharge in power transformer winding using sparse autoencoder,”
CIGRE Canada Conference and Ezxpo, 31 October-3 November 2022, Calgary, AB,

Canada.

1.4 Thesis outline

This thesis is organized into seven chapters as detailed below:

-6 -
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Chapter 1: Motivation, research objectives, and contributions are presented.

Chapter 2: Background and literature review of previous research on using time series
waveforms and PRPD patterns for the classification of PD sources. Some deep learning
algorithms that are used for PD applications in literature are presented as well.

Chapter 3: In this chapter, an enhanced convolutional neural network is proposed
that is capable of classifying single sources as well as multiple sources of partial discharges
without introducing multiple sources in the training phase. The training is done by using only
single-source phase-resolved partial discharge (PRPD) patterns, while testing is performed
on both single and multi-source PRPD patterns. The proposed model is compared with a
single-branch CNN architecture.

Chapter 4: In this chapter, the limitations of traditional one-dimensional convolutional
neural network (1D-CNN) is explored. A one dimensional convolutional neural network is
designed that takes a set of time series waveforms as the input and is capable of classifying
PD sources in the presence of additive Gaussian noise and discrete spectral interference.
In addition, the performance of a collection of one-versus-all 1D- CNN is investigated to
classify single and multiple PD sources using time-series waveforms. Training of the CNN
classification algorithm is done on single classes and testing is done on single and multiple
classes. In addition, the effect of the number of the classified classes on the performance of
the proposed system is considered.

Chapter 5: In this chapter, a convolutional neural network (CNN) attention based
model is proposed and show superior capability over a traditional classification technique
to classify partial discharge (PD) waveforms resulting from different voids in polylactic acid
(PLA) 3D-printed samples. Extensive investigation of the learned model is conducted in

order to interpret the decisions made by the proposed neural network. In particular, adding
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an interpretable attention model such as GRAD-CAM to the CNN, shows that while mak-
ing the decision, the neural network learns to focus more on the regions of the waveform
corresponding to the rise of the pulse.

Chapter 6: In this chapter, a robust unsupervised deep learning model which is based on
convolutional autoencoder and an adaptive clustering technique is proposed for unsupervised
clustering. The input to the system is the unlabelled, time-series PD waveforms and the
output is the predicted number of partial discharge sources that are taking place in the high
voltage system. The proposed system shows superior results in terms of immunity to noise
compared to a traditional classification method.

Chapter 7: This chapter provides the conclusions and suggests future work directions.
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Chapter 2

Background

2.1 Introduction

Diagnosis of electrical insulation degradation is essential for monitoring the integrity of an
electric power system. A well-known diagnostic method, which has been employed for a
number of decades, is the measurement of localized discharges known as partial discharge
(PD) [2]. Detecting fault or PD in electric apparatus, such as transformers, rotating ma-
chines, cables, gas insulated switchgear (GIS) and outdoor insulators has always required
the knowledge of expertise who are able to characterise and differentiate the different sources
of fault, PD, defect, or degradation. Throughout the years, different parameters had to be
extracted manually from recorded patterns or signals. The aim has been to use the manually-
extracted parameters in order to implement a classifier that would be able to perform the
task of differentiation and characterization of fault, PD, defect, or degradation. Though the

process is partially automated, the fact that experts have to select the features presented
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a problem since different features might result in different outcomes. This influences the
performance of the classifier due to its dependence on the manually-selected features.

Deep learning allows the feature selection stage to be integrated with the learning pro-
cess; thus, making the process all automated. In high voltage (HV) applications, the aim
has mostly been to classify or localize fault, defect, or PD that occur in HV apparatus or
determine the degradation of insulating material. The abundance of computational capabili-
ties and the existence of big data has allowed researchers in different fields to take advantage
of deep learning algorithms. Other than the main purpose of classifying and localizing the
PD or fault in HV apparatus, a deep learning algorithm, namely the Generative Adversarial
Network (GAN), allows researchers to generate more input data from a limited amount of
experimental /simulation results (e.g. see [12]).

Classification refers to the process of differentiating between different sources of fault,
defect, PD, or levels of degradation. Given that in real life scenarios, fault or PD can happen
due to various sources, it is necessary to identify the source. When the source is identified, one
can investigate techniques to eliminate that source from the high voltage system. Different
sources or causes of fault, defect, PD, or degradation exhibit different characteristics that
are unique to each source, making their classification (differentiation) possibly feasible. On
the other hand, localization refers to the process of identifying the position of the fault or

PD taking place in high voltage apparatus [13].

2.2 Deep Learning

Deep learning is a branch of machine learning that enables data-driven learning of feature

representations for input data originating in diverse application domains [14-16]. Unlike tra-
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ditional machine learning algorithms, where features need to be extracted explicitly through
pre-defined hand-crafted rules, deep learning has the advantage of using raw data, and learn
to extract features depending on the task |17]. This is appreciated especially in complex
systems where such features are not necessarily known for a given dataset. As a result,
deep neural networks subsume the feature extraction step within the learning phase, thereby
computing intrinsic representations of the raw input data in an automatic manner.

Similar to traditional machine learning, deep learning also has the following three key
paradigms: supervised, unsupervised, and reinforcement learning. For the supervised set-
ting, a labeled dataset is required. The type of output can either be continuous (used in a
regression problem) or discrete/categorical (used for classification). For unsupervised sys-
tems, data with no labels are given and the objective is either to cluster the data according to
their intrinsic characteristics or learn representations which can be later used for downstream
supervised or unsupervised settings [18-20] . In scenarios involving agent based learning,
exhaustive collection of supervised data is often prohibitively difficult. In such situations, re-
inforcement learning is a powerful paradigm which allows data collection through interaction
with the environment [21]. The agent’s goal is to learn policies based on the environment
in order to maximize long term expected rewards [21]. In recent years, research in deep
reinforcement learning has gained significant traction wherein the agent policies are learnt
through deep neural networks [22] (see Fig. 2.1)). Depending on the inputs and the desired
outputs for most of the high voltage application, a handful of mainly supervised deep learn-
ing algorithms have been of interest in this area of research. A brief introduction on major

supervised deep learning algorithms is presented in the following.

- 11 -
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Deep Learning
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Fig. 2.1: Different deep learning branches: supervised, unsupervised, and reinforcement
learning.

2.2.1 Convolutional Neural Networks

Convolutional neural networks (CNNs) represent a class of deep learning architectures which
were originally designed for processing data represented in a grid-like topology, e.g. images
[17]. A CNN has four main components: convolutional layer, activation function layer,
pooling layer, and fully connected layers. Typically, the output of the convolutional layer is
passed to an activation function layer where the output of the latter is passed to the pooling
layer. In a deep network, this set of the three components are often cascaded multiple times
thereby constituting multiple layers and making the network progressively deeper [14}23,24].
While the initial layers usually end up learning low-level features, the deeper layers tend to
learn more complex features. The cascade of these layers constitute the automatic feature
extraction stage, and the fully connected layers constitute the classification stage [25]. More

details on each of these components is presented below:

Convolutional layer: This layer consists of a bank of learnable linear 1D, 2D, or 3D filters
which are also called kernels [26]. In the high voltage applications, usually 1D and 2D CNNs

are used. The 1D-CNN;, for example, is used with time-series waveforms, whereas in problems
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involving phase resolved partial discharge (PRPD) patterns or spectrograms, a 2D-CNN is
used. Some of the researchers have employed a 2D-CNN for time series waveforms as well,
where they considered an image of the signal as an input rather than the 1D data. These
filters are convolved with the input data or the output from a previous layer. The output
is a set of feature maps, where the number of feature maps is equal to the number of the

filters.

Activation function layer: The purpose of adding activation layers is to introduce non-
linearity in the input-to-output mapping being learned by the neural network. This is desired
because complex data include nonlinear features that need to be detected. Most frequently

employed activation functions include sigmoid, ReLLU and tanh.

Pooling layer: The aim of pooling layer is to subsample the output feature maps so that
wider receptive fields can be spanned during convolution without increasing the size of the
filter kernel. Another advantage of this layer is to provide positional invariance or shift-
invariance to the network [27]. Commonly-used pooling operations are maximum pooling

and average pooling.

Fully connected layers: In a fully connected (FC) layer, every neuron in one layer is
connected to every neuron in the next layer. FC layers are also referred to as dense layers
in the literature [17]. In a CNN, the input to the first fully connected layer is the output of
the last set of the first three components mentioned above, where the corresponding features
maps are flattened into 1D vectors. For classification problems, the architecture is appended
by FC layers and ends with a classification layer where the number of neurons is equal to the

number of classes. A typical CNN architecture is shown in Fig. [2.2. The main advantage
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Fig. 2.2: A simple CNN architecture: a convolutional layer, pooling layer, fully connected
layers followed by the classification layer.

of CNNs compared to traditional neural networks is the weight sharing when training the

learnable kernels, which reduces the learnable parameters in the network .

2.2.2 Autoencoder

Autoencoders (AE) were introduced in 1980s in order to learn useful representations
in an unsupervised fashion by the use of the input data on its own . They were then
reintroduced in 2006 with the booming of the deep learning architectures . The idea
behind an autoencoder is to train a neural network such that the model learns a latent in-
trinsic representation of the original input. An autoencoder consists of an encoder-decoder
architecture, wherein the role of the encoder is to transform the input to a latent represen-
tation, while the decoder is responsible for transforming the latent representation back to

the original data. The two parts (encoder and decoder) are learned jointly so as to minimize
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Fig. 2.3: Autoencoder architecture: the output X is the reconstructed input where a
bottleneck enables to compute a latent representation of the original input x. x is a vector
consisting of n elements from z; to x,,.

the reconstruction error between the decoder’s output and the network input. A simple
illustration of an autoencoder model is shown in Fig. [2.3]

Assuming that the input is x and the reconstructed output is x, the model is trained to
minimize the reconstruction error £(x,X). The encoder and decoder can be fully connected
layer networks or any deep learning architecture. The encoder is expressed as a function G
such that

where b; represents the latent feature representation (bottleneck) of a single observation

sample x; . The decoder F' accepts b; as input and produces X; is. This is shown in

x; = F(b;) = F (G (x:)). (2.2)
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Fig. 2.4: RNN architecture with no output: the network has feedback connections which
can be unfolded in time and trained using back-propagation. The input X is processed by
incorporating it into the state S that is passed forward through time.

The goal is then to find F' and G that would minimize

where the summation is over all the observations during training.

2.2.3 Recurrent Neural Networks

Recurrent Neural Network (RNN) is another family of deep learning architectures which
are intended for the processing of sequential data [32,[33]. A simple illustration of an RNN
model is shown in Fig. 2.4 RNNs process data from each time point in a sequential manner.
However, the output is not just influenced by data at the current time, but also by the entire
history of inputs that have been fed into the RNN previously. This is reflected by the cycles
in the architecture, which are maintained in the hidden unit as a state vector including the
history of the previous time points. RNN cell has one common set of weights, and when
backpropagation runs, data from different time points contribute in updating the same set

of weights.
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The mathematical representation of the RNN is shown as [34]

h; = fy (ht—laxt) (2-4)

where h; represents the updated state vector, h;_; is the hidden state vector from the
previous time step, x; represents the input vector at time ¢, and f represents a given
function corresponding to learnable weight vector w. The input can either be a vector or a
sequence, and the output can either be a vector, sequence, or a value. For example, given
a high voltage problem where classification of different PD pulses is required, the input is a
vector of PD pulses and the output is a label corresponding to a PD source.

The drawback of a typical RNN is the long-term dependency where the current state
depends on all the previous states, which causes the vanishing gradient problem [17]. The
vanishing gradient emerges from the fact that as RNN processes more time steps, repeated
multiplication of small weights causes the gradients to approach zeros. To overcome this
problem, long short-term memory (LSTM) architecture is used [35]. The main difference in
an LSTM architecture is that instead of computing the hidden state directly from the pre-
vious one, LSTM computes additional states, and this structure allows alternative paths to
gradients to flow during the backpropagation avoiding repeated matrix multiplications [36].
An LSTM cell has two hidden states ¢; corresponding to the cell state and h; corresponding
to the hidden state which are calculated as [34]

c=fOc1+iGOg (2.5)

h; = 0 ® tanh (¢;)
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where i is the input gate, f is the forget gate, o is the output gate, and g is the gate.
The operator ©® is element-wise multiplication operation. The input gate decides what new
information will be stored in the cell state, the forget gate decides what information will
be removed from the cell state, and the output gate decides what information from the cell

state will be used in the output [37].

2.3 PD Classification

A summary of the papers on classification of PD using deep learning is shown in Table 2.1]
The following subsections will focus on the application of DL algorithms for different high
voltage applications. Classification of PDs has been a standard procedure in the maintenance
of high voltage assets. Various distinctive parameters extracted from PD measurements
have been introduced for the PD classification application. Starting with current or voltage
signals, time series waveforms have been proven to acquire unique behavior for each source
of fault or PD [38]. Phase resolved partial discharge (PRPD) patterns have also been used

to differentiate between different PD sources [5].

2.3.1 PD Classification Using Convolutional Neural Networks

In this section, the application of convolutional neural networks (CNNs) for PD classification
is presented. The literature is divided based on the high voltage apparatus.

GIS

Gas insulated switchgear (GIS) is widely used in industry [74]. GIS has its components close

to each other which makes the fault occurrence in one component transfer to other compo-
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nents easily. The components of the GIS are power conducting components and the control
system. The power conducting components are responsible of ensuring the flow of the elec-
tric current in the system, and the control systems work on monitoring the behavior of the
conducting components. Thermal, mechanical, and electrical faults comprise the main faults
that take place in a GIS platform. The authors of [43] published in 2018 collected PRPD data
from experimental setup and more than 30 live GIS substations. The five defects studied
in this work are floating electrode discharge, surface discharge, corona discharge, insulation
void discharge, and free metal particle discharge. A known CNN architecture, LeNet-5, was
employed and compared with back propagation neural network (BPNN) and SVM, where
statistical features were extracted for the later two and raw data was fed to the CNN. The
statistical features extracted from the PRPD patterns include skewness, steepness, asym-
metry and cross correlation coefficient of the PD amplitude and rate in both positive and
negative half cycles of the applied voltage. In order to optimize the weights of the CNN,
the authors trained an autoencoder and used the weights as an initialization for the CNN
training. The authors reported an improved average accuracy of the CNN compared to that
of SVM and BPNN. Four sources of PD that usually occur in GIS (protruding electrodes,
floating electrodes, void defects, and free particles) were simulated in [41]. The authors used
a Siamese network where the raw input data are pairs of PRPDs. The motivation behind
using Siamese network is that PDs usually result in small datasets. Two identical indepen-
dent CNN models are trained and the distance between the embedded features resulting
from the two CNN models is calculated. As a result, a decision is made whether the pair
belong to the same or a different class. The authors compared their proposed architecture
with SVM and a CNN model. They reported that the proposed method performed better

compared to the latter two. In 2019, the authors of [61] investigated GIS PD data, where
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time-series waveforms were collected from laboratory experiments and finite difference time
domain simulations. A conditional variational autoencoder (CVAE) was used to generate
more training data. A seven-layer CNN model was used for the classification of four different
sources of PD, free metal particle, metal tip defects, floating electrode defects, and insulation
void. The authors also reported a visualization of the feature maps from the first two convo-
lutional layers. They compared their results with support vector machine (SVM), decision
trees (DT), back propagation neural network (BPNN), and a few CNN architecture (LeNet5,
AlexNet and VGG16). The proposed CNN model outperformed the above mentioned mod-
els. In 2021, four types of PDs that take place in a GIS platform (free metal particle defects,
metal tip defects, floating electrode defects and insulation void defects) were experimentally
simulated and time-series waveforms corresponding to each type of PD were recorded using
UHF sensors (butterfly antennas) [64]. The variability in the dataset was introduced by
randomly changing the position of the defect. The deep learning model proposed by the
authors was based on depth-wise CNN model where the convolution is divided into two
parts: the first part is composed of convolving one channel at a time with the convolution
kernel (i.e depth-wise convolution) and the second part is to mix the feature map using
a 1 x 1 convolution kernel (i.e point-wise convolution). A generative adversarial network
(GAN) was also used in order to generate more data. The proposed model wass compared
with other CNN-based models such as MobileNetV1, MobileNetV2, Xception, ResNet, and
LeNet models. The proposed model reported enhanced classification accuracy compared to
the other models. Visualization of the feature maps of some layers is presented as well, which
highlight what each layer was capable of learning. In the same year, a research group simu-
lated 4 different sources of PDs in a GIS controlled lab environment [65]. Varying the defect

location for each of the artificial defects ensured the variability in the collected dataset. The
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authors proposed a 1D-CNN model where a multiple scale convolution kernel is used instead
of a single scale convolution kernel. Channel shuffling was used on the outputs of the two
feature maps produced by the multiple scale convolutional kernel in order to have a unified
feature map. Since having labelled data is time consuming and needs expertise knowledge,
the authors proposed domain adversarial transfer strategy (DATS) which is inspired by the
GAN. Four different unbalanced datasets were acquired from an actual GIS in order to test
the performance of the proposed model. The 1D-CNN that was trained on the experimental
data is used to classify the on-site GIS PD data where some data had no labels. For the
proposed 1D-CNN model, the authors compared the results of the proposed model with
traditional 1D- and 2d-CNN models. In regards to the performance of DATS, the authors
compared the results with other transfer learning (TL) techniques such as fine-tuning TL
and domain adaptation TL. The study reports enhanced results using the proposed frame-
work. The authors suggested that future work will focus on the automatic optimization of
hyperparameters and on trying the platform in an online monitoring system. In [67], the aim
of the research work was to investigate transfer learning, especially domain adaptive deep
transfer learning (DADTL) CNN, for GIS PD diagnosis. The authors used four different
datasets for the training of their model. The datasets consisted of measured and simulated
data. Data set A included field data from three types of fault (rolling element, inner ring,
and outer ring). Dataset B corresponded to the GIS PD simulation data using the finite
difference time domain (FDTD) technique, where four sources of PDs (metal particle, tip,
floating electrode and insulator air gap defect) were simulated. Dataset C corresponded
to a 252kV GIS experimental platform, where signals where captured corresponding to the
four defects mentioned in Dataset B. Finally, dataset D corresponded to the PD samples

collected from a provincial power company’s GIS failure. By the use of maximum mean
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discrepancy to minimize the sliced Wasserstein distance (SWD), the authors aimed to en-
sure that transferable features have minimal discrepancy. The proposed model starts with
data pre-processing, where samples from the larger datasets are classified as source domain
samples, and samples from smaller dataset are classified as target domain samples. The
aim is to minimize the differences between the features learned from both source and target
datasets. The authors used residuals units in the CNN based architecture. The authors
compared the results with traditional CNNs (LeNet and AlexNet) with the same number of
layers. The proposed model reported improved results compared to the other deep learning

models especially when the dataset is small.

Transmission Line Networks

Transmission line networks are used to enable the long distance transmission of power. A few
research groups have developed deep learning models to identify PD from non-PD signals
collected from a publicly-available dataset. ENET Centre in Czech Republic developed a
meter to measure the voltage signal induced by the stray electric field along covered conduc-
tors, that contained PD or fault signals. The dataset contains noisy real world measurements
from high-frequency voltage sensors, where the objective is to identify damaged three-phase,
medium-voltage overhead power lines [75]. In 2020, the authors of [70] performed pre-
processing of the raw data in order to remove noise and low-frequency component of the
signals . The output of this process was the time and frequency representation of the signal
by applying short term Fourier transform. The time and frequency domain positive and neg-
ative half cycle signals are the input to the proposed deep learning algorithm. The proposed
model is a Dual Cycle-Consistency network. Both time and frequency domain branches

consists of three blocks. Fach block contains a 2D convolutional layer, a Rectified Linear
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Unit (ReLLU), and a batch normalization layer. The output from block-3 of the time-domain
and frequency-domain branches is passed through a global average pooling layer, a shared
fully connected layer, and a sigmoid layer. In order to calculate the cycle-consistency loss,
the outputs are fed to the dual-domain attention module block (DDAM) for joint learning.
The prediction is then based on the weighted average of the output from the fully connected
layers and the output from the DDAM block. The results are compared with other models
such as Random Forest, Resnet18 4+ VggNet11, and LSTM. The performance metric used is
the Matthews Correlation Coefficient (MCC), in addition to precision, recall, and F1-score.
The authors reported better results compared to the other approaches. In 2021, the authors
of [69] aimed to classify PD versus no-PD signals using the same publicly-available dataset
of damaged power lines [75]. The proposed model was a traditional 1D CNN model where
Global Average Pooling (GAP) layer is employed before the fully connected layer. Each
sample in the dataset is compromised of voltage of the three phases over one period. For
each phase, a highpass filter is used to remove the power frequency, after which a maximum
filter is used to extract a set of pulses. Each set of pulses from each phase is the input to
the trained 1D CNN. Finally, the decision on the label of the power line is based on the
three outputs of each phase. In order to visualize what the model is looking at, in order
to decide on the label, pulse activation map (PAM) was used. The evaluation metrics used
are Matthews Correlation Coefficient, precision, recall, and accuracy. The authors compared
their results with other publicly reported results where models such as LSTM were used. The
proposed model showed enhanced results, and the authors suggested that a larger dataset

will be more compatible for hyperparameters tuning.
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Cables and Solid Insulation

Electric power can be transmitted by underground cables or by overhead transmission lines.
The main advantage of underground cables compared to overhead lines is the low mainte-
nance cost. This is linked to the fact that overhead lines are exposed to environmental factors
such as storms or lightning. An underground cable consists of one or more conductors which
are covered with suitable insulation and the external component is the protecting cover [76].
The major disadvantage of using underground cables though is the problem of degradation
and failure of the insulation under high voltage stress. Hence, detecting PDs is crucial for
assessing the health of the system. This section reviews the application of deep learning to
solve the problem of classification of PDs in cable insulation and solid dielectric using PRPD
patterns or time-series waveforms as the input to train the classification model. The perfor-
mance of a CNN model was evaluated on the prediction of the ageing stage of high voltage
insulation material using PRPD data [46]. Three classes of start, middle, and end as well as
noise/disturbance were defined for the electrical insulation degradation process representing
the ageing that occur in an insulation specimen under electrical stress. Precision, recall, and
F1 score were the metrics used for the evaluation of the CNN model. The author reported
that the performance is consistent even with changes in the CNN hyper-parameters values.
The effect of noise in PRPD patterns on the classification accuracy of different artificial de-
fects in a 11 kV cross linked polyethylene (XLPE) cable joints has been investigated in [54].
There are a total number of five PD sources considered in this study. After training a CNN
architecture using noise-free PRPD patterns, transfer learning was performed where the au-
thors used this model to start training another CNN architecture but this time with noisy
PRPDs. The results were compared with those obtained using traditional machine learning

classifiers where hand crafted features were extracted. The authors reported that the CNN-
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based model was able to outperform the models that use manual feature extraction with an
increase of 16.9% in the classification accuracy. In 2019, a traditional CNN model was used
to differentiate between synthetic PD pulses in power cables [56]. The variability in the syn-
thetic dataset was introduced by the signal to noise ratio (SNR) and the position at which
the PD initiated. The model was compared with support vector machine (SVM), where the
study reported enhanced results using the proposed algorithm. In the same year, five types
of artificial defects in ethylene-propylene-rubber cables in a high voltage laboratory were col-
lected to generate signals containing PD data [57]. Seventeen features were extracted from
the time-series waveforms corresponding to characteristics such as pulse width, rise time, fall
time, peak voltage, pulse polarity, mean voltage, and root mean square (RMS) voltage. In
addition, 16 wavelet features were extracted from the transient signals using Wavelet Trans-
form. In total, 33 features constituted the input corresponding to each signal to the proposed
CNN model. Analysis was performed on the effect of the change in the hyperparameters of
the CNN architecture such as the number of layers and the convolution kernel sizes. The
results were compared with those obtained using SVM and back propagation neural network
(BPNN) models. The study reported better classification accuracy when compared with the

other two models.

Transformers

Power transformers play a significant role in power systems, so any failure in this apparatus
may interrupt the power supply and cause outages and loss of profit. One of the benefi-
cial methods for preventing the failure in the power transformers and raising the reliability
of these systems is detecting faults in power transformers accurately and promptly. The

following section summarizes the literature on the use of deep learning for the PD sources

- 26 -



Deep Learning for PD Classification 2.3 PD Classification

classification in transformers. In 2020, the authors of [48] simulated six types of PDs that take
place in power transformers using artificial cells in a laboratory setup. They collected the
PRPDs of the six PDs which include protruding electrode, moving particle, floating object,
surface discharges, bad contact between windings, and void. In order to reduce the input size
of the PRPD, the authors used the phase-amplitude (PA) response that is extracted from
PRPDs. The authors proposed a CNN model for classification of PD sources. Comparing the
classification accuracy of the proposed architecture versus other machine learning classifiers,
such as linear and nonlinear SVM, the authors reported a better performance. They also
reported that using the PA response as an input increases the accuracy by 1.46% compared
to using the raw PRPDs as the input to the CNN model. The PRPD data of different PD
sources in a transformer were collected in a laboratory-controlled setup and reported in [49].
The PD sources included tip discharge, surface discharge, air gap discharge, and suspended
discharge. The squeeze-and-excitation (SE) module, that is a lightweight attention mecha-
nism, and the nonlinear function hard-swish (h-swish) were used in addition to a CNN model
in order to decrease the accuracy loss of the model further. The authors performed image
pre-processing such as segmentation, binarization, and enhancement of the data before feed-
ing it to the training model. They compared the results of their model versus other models
such as AlexNet, ResNet-18, and VGG16. They reported enhanced average accuracy versus
the other models, in addition to less weight storage and reduction of parameters. In the
same year, an investigation of a transformer bushing insulation quality, which was affected
by poor drying and impregnation, was reported in [50]. The authors used a simple CNN
(i.e. 3,300 parameters) for the identification of four types of dry impregnation defects using
PRPDs as the input to the proposed CNN. The performance metrics used for the evaluation

of the model are the precision rate, recall rate, and F1 score. The authors reported 97.1%
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average accuracy rate and indicated that their model can be used for online monitoring as
it is a small model. A novel convolutional architecture for single and multiple source PD
classification, where the model is trained on single-source PDs, was proposed in [51]. The
dataset included PRPDs of single and multiple sources of PD taking place in air, oil, and
SF¢ which mimic common sources of PD. The six single PD sources of floating electrode in
SFg, moving particle in SFg, fixed protrusion in SFg, free particle in transformer oil, needle
electrode in transformer oil, and corona in air were simulated in a laboratory setup. The
proposed architecture has a convolutional backbone feeding into multiple fully connected
neural networks (FCNs). The performance metrics used are the arithmetic mean of recall
and precision in addition to the classification accuracy and false negative rate. The authors
compared their results with one-versus-all CNN and reported that their model has better
results than the traditional single-branch CNN architecture. Single and multiple sources
of corona discharge in a controlled lab environment were simulated in [53]. The four sin-
gle sources were: sphere-plane, sphere-sphere, needle—plane, and needle-needle. The three
multiple sources were: needle—needle and sphere—sphere, needle—plane and sphere—sphere,
and sphere-plane and needle-needle. The PRPD patterns were collected and pre-processing
was performed by filtering discharges that have small magnitude. The input to the deep
learning models were greyscale images of 75 by 75 pixels. The classes were labeled from 0 for
the first single class to 6 for the double-sourced configuration, that is considering the multi-
source classes as a new class. The authors proposed an optimized ResNet model which they
compared with other DL models such as AlexNet, Inception-V3, residual network (ResNet),
and DenseNet. The study reported enhanced classification accuracy and least computational

cost.
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2.3.2 PD Classification Using Autoencoders

In 2017, the authors of [39] simulated four sources of PDs that take place in a GIS plat-
form,where PRPD patterns were collected. The four sources of PDs are: protrusion, con-
tamination, gap, and particle defects. For each of the sources of PDs, four severity states
of the PD were collected: normal state, attention state, serious state, and dangerous state.
The authors proposed a stacked sparse autoencoder (AE) model, where the output of the
middle layer (bottleneck) of the preceding AE is the input to the next AE. The output of
middle layer of the final AE is the input to a softmax layer which decided on the assigned
severity level label for each sample. The effect of changing different hyperparameters, such
as the number of stacked AE or number of nodes in the middle layer, were examined. The
proposed model was compared with support vector machine (SVM), where nine statistical
characteristics were extracted from the PRPD patternss.The study reports enhanced average
classification accuracy of the PD severity compared to SVM. In 2019, the authors of [44]
simulated PDs using a laboratory setup and collected PRPD data from a live substation.
The four PD sources considered in this work that take place in a GIS platform are: float-
ing electrode defects, metallic protrusion defects, insulation void discharge defects, and free
metal particle discharge defects. A variational autoencoder (VAE) was trained to extract the
eigenvalues corresponding to the PRPD data. The training set included a mix of both the
laboratory and substation data. For the test dataset, a matching algorithm based on cosine
distance was used in order to decide to what class the test PRPD belongs to. The proposed
method was compared with statistical features, deep belief networks (DBN) [77] and CNNs.
The authors reported that the eigenvalues extracted from the VAE feature vector have im-
proved results over the other methods used. Using a laboratory setup, four defects that take

place in medium voltage switchgear were replicated [62],where time-series waveforms were
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collected. The four sources of PDs included: cable termination floating earth, earth cable
in contact with cable termination insulation, voltage presence indicating systems (VPIS)
bushing screen disconnected, and earth grounding spring missing on bus bar connector. The
spectrogram of the PD signals collected using a coupling capacitor is generated by applying
the continuous wavelet transform (CWT). In addition, spectrograms from noises and other
HF signals are generated. The authors proposed a convolutional autoencoder (CAE) that
is able to reconstruct the spectrograms of the different sources of PDs and noise. After the
CAE is trained, the decoder part of the autoencoder is removed and substituted by a fully
connected layer followed by the classification layer. This model is trained using a labeled
dataset, where the model is able to output the percentage of belonging of a tested spectro-
gram to each of the 4 PD sources and the noise/ HF signals classes. The study reported
high performance ability of the proposed model. In another work [63], four sources of PDs
in a gas-insulated switchgear were simulated in a lab setup. An existing CNN architecture,
AlexNet, was the method used in this work where the inputs are the time series waveforms
treated as images. The results of the proposed method are compared with the fractal method
and mean discharge method. The time series waveforms were transformed into a PRPD plot
for the sake of applying the fractal method and mean discharge method. Both the fractal
and mean discharge methods provide features which are considered as input to two fully
connected neural networks. The study included reporting the average classification accuracy
of the three models with different percentage of noise added to the signals. The proposed
method showed improved results compared with the other two methods especially with a
high noise percentage. In addition, the author reported that the time consumed for PD

classification was the least using the proposed CNN-based method.
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In rotating machines, voltages are generated due to time-varying magnetic fields, which is
the result of the the change in the flux [78]. The change in the flux results from the mechanical
motion of the rotating machine. Rotating machines consist of stator and rotor structures
which are made of thin lamination of electrical steel, insulated from each other in order to
reduce losses and prevent discharges and faults to take place. Various types of stress, such as
thermal, electrical, ambient, or mechanical stress, can affect the insulation system of rotating
machines. Statistical data show PD activities have preceded a large number of stator failures

[79] and as such, PD detection in rotating machines has been attracting attention. Extensive
research has been done on using traditional machine learning techniques, such as Naive
Bayes-, SVM-, and kNN-based techniques [80], for rotating machine electrical insulation
diagnosis. A framework was proposed using visual data analysis for PD source classification
in hydrogenerators with a minimum of labeled data [60]. A convolutional encoder was used
to project the PD signals acquired from the generator stators to a 2D-visualization latent
space. This serves as a visual aid for the expert to analyze the distribution of the training
dataset. After being labeled by the experts, the labeled data is trained by a neural network
classifier. Other unlabeled data are tested using the already trained classifier, and if any
conflict area appeared on the 2D latent space, the human experts will have to label by conflict
area sample data. The new labeled data is then added to the dataset and this procedure
is done in an iterative manner until the area of conflicted data is minimized. This study
reported a base that integrate both expert knowledge and the advantages of deep learning

in order to have a correctly-labeled dataset of PD sources.
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2.3.3 PD Classification Using Recurrent Neural Networks

A long short-term memory (LSTM) recurrent neural network (RNN) has been used to classify
PRPDs in a GIS in [40]. In this work, four different types of defects have been simulated in a
controlled lab environment, where the PRPD patterns have been collected. The PD sources
simulated are: protruding electrodes, floating electrodes, free particles, and void defects. In
addition to that, the authors simulated noise by using an air purifier and the noise signals
were obtained using the external UHF sensor. The authors compared the classification
accuracy with SVM and fully dense artificial neural network. The study reported that
although the proposed model takes more training time, the classification accuracy is superior
to the other two machine learning models. Reference [42] presents the simulation of artificial
defects that take place in a GIS platform, where the PRPD patterns corresponding to each
source of PD were recorded. The four PD sources in this work are: corona, floating electrode,
particle, and void. The authors proposed a multi-head self attention LSTM based model for
PD (LSANPD) and a self attention based neural network model for PD (SANPD). They
compared the classification of the two models with their previous published work which used
an LSTM-RNN based model. They reported that SANPD and LSANPD are better in terms
of classification accuracy and that SANPD is better than the LSANPD and LSTM-RNN
model in terms of complexity.

The authors of [71] developed a model based on time-series decomposition and LSTM
for to classify PD from non-PD signals from the same public dataset that was used in [70] .
Seasonal-Trend decomposition using Loess (STL) was used to decompose each raw signal into
three parts: trend, seasonal, and residual. PD is mostly reflected in the residual part. Four
different STL modules with different seasonal window lengths were used to generate four

different residual components. Feature engineering was then applied on the residual parts
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where a sequential feature vector is extracted. As a result, many-to-one sequential data are
generated and are considered as the input to the long short-term memory network (LSTM)
classifier. The proposed model was compared with other classifiers such as fully connected
layers, SVM, XGBoost, and Multivariate Logistic Regression (MLR). The proposed model
showed enhanced classification accuracy compared to the other models.

Adam et. al [52] simulated six artificial PD sources in a controlled lab environment
which mimic PDs in power transformer. The PD sources include two discharge sources in
air and four discharge sources in mineral oil. The time at which the discharge takes place,
the apparent discharge in pC, and the phase angle are recorded for each PD event. 100 PD
events constituted a sample. Superimposed patterns were created by using the single sources
patterns, where 30 different combinations of samples with two class labels are formed. The
authors proposed an LSTM model which is able to classify multiple and single sources of
PDs, where the training was done just on single sources of PDs. The study reported the
multi-label accuracy in addition to the single-label accuracy. The multi-label accuracy is
defined as the proportion of the correctly predicted labels to the total number of labels for
each sample. The model showed a 99% average accuracy for single PD sources and 43% for

the average multi-label classification problem.

2.3.4 PD Classification Using Hybrid DL Algorithms

In 2018, five sources of PD were generated in a GIS tank model in a laboratory setup that
include a floating electrode, a metal protrusion on the conductor and the tank, surface
contamination, and free metal particles [66]. Four planar spiral antennas were installed at
different locations on the tank. For each time-series signal collected, the authors calculated

three different short time Fourier transform (STFT) by changing the window lengths. The
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different window lengths correspond to high time resolution, high frequency resolution and
medium resolution. The proposed model was a CNN-LSTM based model. The three different
STFTs calculated from each signal were used to train three different CNN models, where the
three outputs of the CNN models are combined by a fully connected layer. The output of
the fully connected layer is the input to the LSTM. Since there are four sensors, the model
is comprised of four fully-connected layers which are the input to four separate LSTMs. The
outputs of the LSTMs collectively decide on the label of each input sample. The authors
compared the model performance with other baseline models and with the case where a
single window length was used for the STF'T. The model showed improved results compared
to the other models. Another work which used simulated data is presented in [68], where
a CNN-LSTM network is proposed for the classification of PD sources in a GIS system.
Time-series waveforms were collected. The model consists of two blocks of convolutional
layers followed by pooling layers. The output of the second block is fed to an LSTM layer
which is followed by a fully connected layer and ending with the classification layer. In order
to generate the dataset, simulation software XFDTD is used. The four sources of PDs are
metal tip defect, insulator air gap defect, floating electrode defect, and free metal particle
defect. The authors reported the precision, recall, and F1-score of the four sources of PDs.
They compared the performance of the proposed model with other models like SVM, LSTM
and CNN. The proposed model reported high average classification accuracy compared to
the other models.

In 72|, the authors aimed to classify PD versus no PD using the publicly available dataset
that was introduced earlier [75], which included the three phase voltage signals. FFT noise
reduction algorithms were used on the raw data. The proposed model was a CNN-LSTM

model with an attention layer before the classification layer. Starting with two blocks of
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convolutional and max-pooling layers, the output is fed to a fully connected layer which is
considered as the input to the LSTM layer. The output of the LSTM is the input to an
attention layer, where multiplication of the feature vector obtained from the LSTM is done
with learnable weight coefficients. The output of the attention layer is fed to to a sigmoid
which decides on PD versus no PD label. The performance metrics used are precision, recall,
and F1-score. The proposed model is compared with other traditional models such as SVM,
CNN, and bidirectional LSTM. The study reported higher average accuracy compared to
the other models.

An ensemble of deep learning algorithms was used to differentiate between PD signals
and noise signals in medium voltage power cables [59]. The samples were collected from
offline in-service cables. The idea behind using ensemble learning is to allow more than one
neural network to make the classification decision. CNN, convolutional RNN, LSTM, and
bidirectional LSTM (BILSTM) were used in the ensemble frame but two of these models were
used at a time. In this paper, two scenarios were considered. In one scenario where there is
difference in the prediction of a sample between two deep learning (DL) models, a human
expert will have to decide on the label of that sample, and in the other, the output from
the activation function of two different models were added together. Five different cables
were tested on the trained models. Adaption training was done for each of the five cables
where the classifier layer is re-trained with the measured calibration pulse specific to each
cable. The authors reported the results of the five cables for the two ensemble scenarios and
with different binary selection of the above-mentioned DL algorithms. They also reported
the results when each DL model is used alone. It was reported that the CNN paired with
the BILSTM gave the best results.

- 35 -



Deep Learning for PD Classification 2.3 PD Classification

Four typical transformer insulation defects were simulated in [47] that include metal
protrusion, oil paper void, surface discharge, and floating potential defects. The authors
developed a CNN-LSTM based model where the input is the PRPD data. They compared
the results with a CNN-only model and an LSTM-only model. The evaluation metric used
was the classification accuracy where the authors reported that CNN-LSTM has better
overall recognition accuracy than CNN and LSTM alone.

Research has been focused on using different DL techniques for the purpose of identi-
fying PD sources varying from autoencoders, CNN, RNNs , or a combination of the above
techniques. Authors have compared their proposed models with other DL models or tradi-
tional machine learning models. Despite the advantages of using different DL techniques,
future work should focus on the quality of the input data in regards to the interference,
noise, and the fact that multiple PDs can take place at the same time. The integration of
the developed models in real-life systems would present its own challenges especially when it
comes to developing industrial standards or regulations, and implementing condition-based
maintenance asset management policies depending on the severity of the situation. Although
the investigation of different DL techniques is essential for the sake of completeness of any
work, it is observed that having common, publicly-available datasets can help in focusing on
the generalization of any developed algorithm. In addition,similar to the application of DL
in any area, the prerequisite of developing any DL algorithm to assess the health of an asset
is the availability of reliable training data. Most of papers in the literature, either employ
simulated lab data or even numerically-generated data. Training a DL algorithm with such

data will make the performance of the algorithm in the field require proper validation.
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2.4 Summary

Monitoring of electrical insulation of high voltage apparatus is crucial for the reliable oper-
ation of power systems. Extensive research has been done on the classification of sources of
partial discharge (PD). Modern techniques have been based on machine learning methods,
where the input to such methods is composed of manually-extracted features, i.e. feature
extraction has required the intervention of human experts. Deep learning, which is a branch
of machine learning, has been used to enhance the performance of PD classification. This
enhancement is attributed to the capability of deep learning techniques to use raw data as
the input to the classification model. In other words, instead of using manually-extracted
features, raw data such as PRPD patterns, time-series waveforms, or images are used as the
input to the deep learning systems. This allows the classification model to be fully auto-
mated where the feature extracting stage is integrated in the learning stage. Gaps have been
identified in regarding to the classification of multi-sources of PDs and the identification of

number of PD sources.
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Chapter 3

Multi-Class Classification of PD

Sources Using PRPD Patterns

All of the prior methods reported in literature to classify multi-source PDs depend on the
availability of training data from multi-source PD inputs [81]. There are a number of draw-
backs associated with this choice. Such a training data is difficult to collect in practice, is
time consuming, and, by its very combinatorial nature, precludes the collection of examples
for all possible combinations of concurrently occurring defects. In this chapter, to address
these drawbacks, a novel convolutional architecture is proposed for single-source PD and
multi-source PD classification using training data with ground-truth available only at the
level of single-source PDs. The proposed architecture consists of a convolutional backbone
feeding into multiple fully connected neural networks (FCNs). The input to the convolu-
tional part of the network is the PRPD pattern matrix. The output of this CNN stage is a
common feature representation which is broadcast to different FCNs, wherein each FCN is

trained to output the probability of occurrence of a specific PD. Thus the proposed hybrid
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architecture moves from extracting general representations to more fine-tuned representation
in a hierarchical fashion. The overall loss of the network is the combination of individual
binary cross entropy losses from each of the FCNs. This loss is jointly optimized with respect
to the parameters of the CNN stage and the FCNs. At testing time, our network produces

a multi-label output vector signifying the probability of the presence of respective PDs.

3.1 Experimental Setup

Several experiments were performed by different groups to classify partial discharges by the
use of their phase resolved partial discharge patterns. PD classification and identification
using laboratory data has been used to establish proof of concept for a number of techniques
available in the literature (e.g. [39,82]). Lab experiments were done by Janani et al. [83,84] to
simulate artificial defects. The experimental setup consisted of a high voltage transformer, a
capacitive divider to measure the AC voltage, the test cell, and the PD measurement system.
The lab setups simulate common sources of PD in air, oil, and SFg. PD data collection was
conducted in accordance with TEC 60270 standard [85]. The test cells include three sources
(floating electrode, moving particle, and fixed protrusion) of partial discharge in SFg, two
sources of PD (free particle and needle electrode) in transformer oil, and corona in air which
has the same setup as floating electrode but filled with air. For the floating electrode, the
distance between the gap between the two electrodes is 1 mm. For the free particle, a small
bearing with a diameter of 3.17 mm was placed on a concave dish ground electrode. For the
point plane electrode, the needle has a diameter of of 20 pm. More details on the experimental
setups are explained in [84]. In total, there are six different PD patterns generated. In

addition, four different combinations of multiple partial discharges were simulated by using
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simultaneously two or three test cells. A commercial PD measurement system (Omicron
MPD 600) is used to acquire the PRPD of each test cell.

The output data from the Omicron software is exported as binary files. This data includes
information about partial discharges taking place relative to the applied phase voltage. The
discharge magnitude and phase are divided into 400 and 500 bins respectively. This results in
a 400 x 500 matrix M (x,y), where the number in each bin represents the number of discharges
occurring at a specific phase angle () and a specific discharge magnitude (y). Figure
shows a visual representation of the six single-source PRPD patterns. The 400 x 500 matrix
is reduced to 100 x 100 by summing up the counts in each 40 x 50 sub-matrix. In addition,
background noise is unavoidable even with perfect measurement conditions. Background
noise is reflected by having an offset charge over all the phase windows. In this work, noise is
removed for all the PRPD patterns. In addition to the six classes, an additional no-pattern
class corresponding to the cases not involving the presence of any PD is added. In order
to encourage the model to learn features related to the shape of PRPDs, the samples are
converted into binary samples, where zero threshold is considered for binarization. A visual
representation of the binary matrices are shown on the side of the Omicron representation
of each of the single PD source- six classes.Fig. shows the PRPD patterns of the four
multi-source PD classes. To make the systems insensitive to changes in charge magnitude
settings on Omicron software and to different applied voltages, samples are extracted using
multiple magnitude settings; hence, introducing variability in the dataset. Particularly, for
each class, the following charge magnitude settings for the Omicron software were employed
that are summarized in Table 3.1l

The numbering of the six single-source classes is done as follows:

e Class 1 (corona in air)
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Fig. 3.1: PRPD patterns and their binary representation of various single defects: a) class
1; b) class 2; c) class 3; d) class 4; €) class 5; f) class 6.

Table 3.1: Different levels of charge magnitude scale setting on the Omicron Software.

Classes Charge Magnitude Scale Setting
Class 1 100, 200, 250, 500, and 1000 pC
Class 2 70, 100, and 200 nC

Class 3 200, 300, and 350 pC

Class 4 70, 150, and 250 pC

Class 5 10, 50, and 100 nC

Class 6 20, 50, 100, and 200 pC
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Fig. 3.2: PRPD patterns and their binary representation of various multiple defects: a)
class 14; b) class 16; c) class 46; d) class 146.

Class 2 (floating electrode in SF)

Class 3 (free particle in oil)

Class 4 (free particle in SFg)

Class 5 (point plane electrode in oil)

Class 6 (point plane electrode in SFg)

The numbering of the four multiple-source classes is done as follows:

Class 14 (corona in air and free particle in SFg)

Class 16 (corona in air and point plane electrode in SFg)

Class 40 (free particle in SFg and point plane electrode in SFg)

Class 146 (corona in air, free particle in SFg and point plane electrode in SFg)
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3.2 Method

In classification problems, a data-point can belong to a single class (mutually exclusive
membership) or it could belong to multiple categories at the same time. The latter is
usually referred to as multi-label classification. Since PRPD patterns from multiple sources
can occur concurrently, PD detection is essentially a multi-label classification problem. In
the presence of training data with various combinations of co-occurring multi-source PD
labels, building a multi-label classification model is tenable. However, as mentioned in
Section 1, collection of such a dataset is expensive, time consuming, and may not allow to
span all possible combinations of PDs. On the other hand, it is practically more feasible to
collect single-source PD data in large quantities. We therefore focus on methods to capitalize
single-source training data for solving multi-label classification problem.

Let K be the number of PD sources. To enable explicit detection of cases with no PDs,
we define a separate category representing the absence of all the PDs. Let the training data
consisting of N examples be represented as {X;,y;}Y,, where X; € RF*W is the i*" PRPD
pattern image, and y; € {0, 1}%+! is the corresponding (K + 1)-dimensiona binary label
vector, signifying the presence or absence of each PD. Since only single-source examples are
considered during training, each y; is a one-hot vector. At testing time, the label vector for

a test-case can contain multiple 1s.

Multiple single-source classifiers (baseline): To achieve multi-label classification, a
traditional way is to learn multiple (K + 1) independent binary classifiers, each trained to

detect an individual PD defect. The loss for the k*" model, given the training dataset, is

*The label vector is (K + 1)-dimensional because, as described above, we have defined an additional class
for cases with no PDs.
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Fig. 3.3: a) baseline model with independent model for each class; b) proposed model with
a common convolutional backbone shared across all classes.

given by

L.(0y) =— %Z {ylk log(Fe, (X)) + (1 — yr) log(1 — Fo, (X)) (3.1)

i=1

where Fp, is the function encoded by the k™ model, depending on parameters 0. v is
the k™ element of y;. After the training phase, given a test case XY one then needs
to invoke K + 1 models to build a multi-label output, ytet) = {Fp (XCes))PEHL An
example convolutional architecture that accepts a PRPD pattern image and performs a

binary classification for the presence of a specific single-source PD is shown in Fig. (a).

Joint model with shared CNN parameters (Proposed): While the baseline approach
described above may learn excellent single-source classifiers, it is not expected to gener-
alize for multi-label classification task. This is due primarily to over-tuned class specific
parameters {6 }+ ' learned independently for each single-source PD. To address these is-
sues, decomposition of the network parameters into two sets has been proposed: a shared
set of common parameters, p., (for the convolutional part), and class specific parameters,

{@ron, K*1 (for fully connected networks). In particular, the proposed architecture has a
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shared convolutional stage for feature extraction. These features are then distributed to
multiple FCNs. The motivation is to encourage the CNN to learn to extract more general
feature representations which are useful for all classes. The FCNs accept these general fea-
tures to learn class specific models in a joint fashion. The proposed architecture is shown
in Fig. (b). Let the CNN part be represented by the network G, and each of the fully

connected networks be represented by H,. The joint loss function is then given by

K+1 N

E(pCNN7 {¢FCNk i(:ﬁl) K + 1 Z Z |:ylk log Hk ( ))

k=1 i=1

(1= g log(1 — m(g(xi)))] .

Design details for network layers: Two CNN layers consisting of 36 filters, a kernel
of size 3 x 3 followed by two dense layers with 128 and 64 filters respectively, and ending
with a classification layer of seven nodes constitute the network used in this study. Batch
normalization is used in order to decrease the effect of over-fitting. The schematic for one
of the classifiers in Fig. |3.3(a) is shown in Fig. [3.4] The design details for the implemented
classifiers are shown in Table [3.2] The hyper parameters of the neural network such as the
number of layers, number of nodes per layer, kernel size are chosen by running experiments for
different values of the parameters and plotting the training and validation accuracy curves
as a function of epochs. The design of the layers is kept the same for both the baseline
model and the proposed model so that the difference in performance due to the proposed

parameter-sharing based architecture can be investigated. The proposed model architecture

is shown in Fig. [3.5]
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Fig. 3.4: CNN architecture of an independent classifier.
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Table 3.2: Design specification of an independent classifier.

Layer Type

Output Shape

Input Layer

Batch Normalization
Convolutionl 2D
Max-poolingl 2D
Batch Normalizationl
Activationl
Convolution2 2D
Max-pooling2 2D
Batch Normalization2
Activation2

Flatten

Densel

Batch Normalization3
Activation2

Dense2

Batch Normalization4
Activation4

Dense3

Activation4

(None,100,100,1)
(None,100,100,1)
(None,100,100,36)
(None,50,50,36)
(None,50,50,36)
(None,50,50,36)
(None,50,50,36)
(None,25,25,36)
(None,25,25,36)
(None,25,25,36)
(None,22500)
(None,128)
(None,128)
(None,128)
(None,64)
(None,64)
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3.3 Results

3.3.1 Performance Metrics

Since the model is trained using single PRPD patterns only, the generalization of the model is
tested by evaluating the performance on a new hybrid dataset that includes PRPD patterns
from single as well as from multiple partial discharge sources. In addition to that, samples
with different charge magnitude specification on the Omicron software are tested. Differ-
ent standard multi-label classification metrics have been used in the literature to evaluate
the performance of trained models. Some of these metrics include mean average precision,
0-1 exact match, macro and micro F1, per class precision, per class recall, overall precision
and overall recall [86]. The individual recall (Recall(k)) and the individual precision (Preci-
sion(k)) are calculated for each of the classes 1 to 7 by taking into account both single-source
PDs and multiple-source PDs. The recall reflects the proportion of the positive examples
that is correctly classified, and the precision reflects the proportion of the examples predicted
to be positive that are actually positive. PCR and PCP represent the arithmetic mean of

recall and precision respectively,

K
1
PCR = — > Recall(k) (3.3)
k=1
| K
PCP = 174 kz:; Precision(k). (3.4)

In addition, classification accuracy and false negative accuracy are evaluated for single as well
as for multiple classes. The classification accuracy is calculated considering equal weights for

all classes, while the false negative accuracy is calculated taking into consideration only the
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true class or classes that the sample truly belongs to. The importance of calculating the false
negative accuracy metric in this context comes from the fact that it is of high importance
to detect the correct source of PD in high voltage systems. Consistent false identification of
a PD source will put the high voltage apparatus in failing condition, in addition to safety
risk for employees working near this apparatus. The false negative accuracy reflects on the
performance of the model by quantitatively evaluating single classes and multiple classes
separately in comparison to the individual recall and precision. If a PRPD pattern belongs
to classes one, four and six, then the ground truth is [1001010]. The classification accuracy
is then calculated by checking the matching elements in each of the seven-element vector

[1001010]. The classification accuracy for a single sample is calculated as

7

M
Pclassiﬁcation = Z Tk x 100 (35)

k=1

where My, is equal to one when the element & in the ground truth vector agrees with the pre-
diction of the model for the corresponding class k, and zero otherwise. The ideal classification
accuracy is 100% and the worst is 0%.

The false negative accuracy for a single sample is calculated as:

=

T
Pfalse negative — Z J x 100 (36)
j=1

where N; equals one when the element j in the ground truth vector which is equal to one does

S|

not agree with the prediction of the model for the corresponding class j, and zero otherwise.
In this metric, checking the matching prediction is performed only on the class or classes
that the sample truly belongs to. T is the number of classes that the sample truly belongs

to. In our tested dataset, T' can be 1 for single-sourced PDs, 2 or 3 for multiple-sourced
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Fig. 3.6: Training and validation log losses vs. number of iterations for independent
classifiers a) class 1; b) class 2; c) class 3; d) class 4; e) class 5; f) class 6; g) class 7.

PDs. Hence, the ideal false negative accuracy is 0% and the worst is 100%. Calculating the

classification and false negative accuracies over a number of samples is done by averaging

(3.5) and (3.6)) over the number of samples.

3.3.2 Independent Classifiers

Fig. shows calculated loss of the trained model, using , as a function of epochs (or
iterations) for both the training and the validation dataset in log scale. An epoch is when
the entire dataset is passed forward and backward through the neural network. Under-
fitting is clearly seen for classes six and seven where the gap between the training loss and
validation loss increases at epoch 1000. Table shows the classification and the false
negative accuracies.

As seen in Table the model does not generalize well to the multiple classes especially

Class 16 and Class 146. The arithmetic mean of both precision and recall are shown in
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Table 3.3: Accuracy of single and multiple source PRPD patterns.

Classes  Classification False Negative

Accuracy Accuracy
Class 1 87.71% 0%
Class 2 97.7% 0%
Class 3 100% 0%
Class 4 99.82% 0%
Class 5 100% 0%
Class 6 88.44% 0%
Class 7 100% 0%
Class 16 79.42 % 44 %
Class 46 78.28 % 0%
Class 14 85.71 % 0%
Class 146 65.71 % 50 %

Table [3.4. The precision for each of class three and class four is low similar to the recall of
class six. In Table |[3.5( we show the hybrid confusion matrix in which the rows and columns
represent the input and predicted classes respectively. The true positives are highlighted for

better visibility.

3.3.3 Proposed Model

As we proceed with training the model, a trade off takes place between generalization and
learning deeper features about single partial discharges. Generalization comes in the context
of correct classification of multiple source-PRPD patterns. The training of the model is
terminated when the validation accuracy is observed to start shifting from the training
accuracy. During the training phase, a portion of the dataset is used for validation purposes
where this portion is used to calculate the loss for back propagation in each epoch. The

decision is collectively made by analyzing the average validation and training loss of the seven
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Table 3.4: PCR and PCP for independent classifiers.

Classes Recall(i)  Precision(i)
Class 1 1 0.83

Class 2 1 1

Class 3 1 0.38

Class 4 0.89 0.6

Class 5 1 0.89

Class 6 0.65 0.99

Class 7 1 0.95

Arithmetic Mean PCR: 0.93 PCP: 0.8

Table 3.5: Hybrid confusion matrix of independent classifiers.

Input Classes

Predicted Classes

1 2 3 4 15 6 7
1 100 | O 49 3710 0 0
2 0 140 | 10 |0 |1 0 10
3 0 0 130 | 0 | O 0 0
4 0 0 10 197 | 0 1 0
3 0 0 0 0 | 130 | 0 0
6 0 0 5 90 | 10 | 120 | O
7 0 0 0 010 0 200
14 150 |0 50 |80 |0 0 0
16 |50 | O 14 114 |0 6 0
46 |50 |0 26 [50 |0 30 | 0
146 | 50 | O 45 1250 0 0
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Fig. 3.7: Decision on stopping criteria: the percentage difference between the validation
loss and the training loss is minimal in the marked region.

classes. For epoch 4000, the percentage difference between the validation and the training
loss is 0.8% compared to 2.7% for epoch 8000 as shown in Fig. [3.7, and consequently, the
training is stopped at iteration (epoch) 4000.

The calculated loss of the trained model as a function of epochs or iterations for both
the training and the validation dataset in log scale, using , is shown in Fig. (3.8 The
classification accuracy and false negative accuracy are shown in Table 3.6l In comparison
with Table better performance is recorded where the average classification accuracy for
single classes increased from 96.2% to 99.6%. The average false negative accuracy for the
multiple classes dropped from 23.5% to 8.7%. On the other hand, the arithmetic mean of
both precision and recall are calculated in Table 3.7, Comparing Table with Table [3.4]
ideal recall is recorded for class 6 and ideal precision is recorded for all classes. This indicates
that our proposed model enhanced the prediction of true positives. The hybrid confusion
matrix for the proposed model is shown in Table 3.8l As seen in these tables, compared
to Table [3.5] our proposed model has enhanced classification ability not only for single-

source PDs, but also for multi-source PDs. This is shown in the last four rows of Table
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Table 3.6: Accuracy of single and multiple source PRPD patterns.

Class Classification False Negative
Accuracy Accuracy

Class 1 100% 0%

Class 2 100% 0%

Class 3 100% 0%

Class 4 97.17% 0%

Class 5 100% 0%

Class 6 100% 0%

Class 7 100% 0%

Class 16  100% 0%

Class 46  100% 0%

Class 14  96.28% 13%
Class 146 90.57% 22%

Table 3.7: PCR and PCP for the proposed model.

Class Recall(i)  Precision(i)
Class 1 1 1

Class 2 1 1

Class 3 1 1

Class 4 0.86 0.89

Class 5 1 1

Class 6 1 1

Class 7 1 1
Arithmetic Mean PCR: 0.98 PCP: 0.99
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Fig. 3.8: Training and validation log losses vs. number of iterations for the proposed model
a) class 1; b) class 2; c) class 3; d) class 4; €) class 5; f) class 6; g) class 7.

corresponding to the multiple classes and comparing them with that of Table [3.5 This

indicates that our proposed model decreased false negatives predictions.

3.4 Summary

A novel architecture based on deep learning algorithm particularly CNN has been developed
in order to identify single and multiple sources PDs which can occur in high voltage insula-
tion systems. The difficulty of identifying multiple sources PDs using training set of single
sources PDs results from the fact that the PRPD patterns are partially overlapping. As a
result, traditional machine learning techniques which are based on the manual extraction of
features get confused when multiple source PRPD patterns are set to be classified. Different
algorithms should be deployed in order to decide on the separation criteria between these

overlapped PRPDs. A new architecture based on CNN has been shown to be useful for
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Table 3.8: Hybrid confusion matrix of the proposed model.

Predicted Classes

1 [2 [3 [4 5 [6 [7
. |1 Tm0l0 (o [0 [0 [0 |0
% 2 |0 [140]/0 [0 |0 |0 |0
= |3 J0o Jo [130]0 [0 [0 |0
£ [4 Jo o Jo [97]0 [12 |0
& 5 o (o |0 Jo [130/0 [0
16 o o o oo [120]0
7 [0 |0 [0 [0 [0 [0 [200
14 [50 [0 |0 [37]0 [0 |0
16 150 |0 |0 |0 |0 |50 |0
6 [0 |0 |0 [50]/0 1[50 |0
146 |50 |0 |0 |[17/0 |50 |0

this problem through the proposed enhanced version based on sharing the weights among

different classes. The essence of the proposed model is that the training is done on single

sources of PDs only. This is appreciated in the industry where additional financial resources

and time are needed to acquire data from simultaneous sources of PDs. The model is robust

to electric interference as well as to applied phase voltage. The average percentage improve-

ments of the proposed architecture for single-source PDs and multi-source PDs are 99.6%

and 96.7%, respectively compared to 96.2% and 77.3% for that of the independent classifiers

architecture.
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Chapter 4

Limitations of Off-the Shelf CNN for

PD Signal Classification

A CNN - based model for multi-source PD classification using PRPD patterns as an input was
proposed in the previous chapter. In this chapter, the attention of the research is continued
towards the multi-source PD classification using time-series waveforms as an input. The
first step is detecting the limitations of off-the-shelf CNNs for the PD time-series waveforms
classification ; whether it is for immunity to noise and interference ,or classification of multi-
source PDs using training of single source time-series waveforms. This is the focus of this
chapter.

Diagnosis of the insulation degradation in any high voltage electrical system is very im-
portant for monitoring its performance. Measurement of partial discharges (PD) has been
a well-known tool for this purpose. With the expansions in the field of pattern recogni-
tion, automating partial discharge recognition and classification got more attention. One

of the pioneers for developing methods to measure partial discharges were Okamoto and
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Tanaka [38]. It has been shown that defects in the insulation system can be detected by
analyzing the magnitude-phase representation of the PD signals by using phase resolved
partial discharge (PRPD) patterns. PRPD patterns represent the amplitude and the rate
of the pulses generated versus the time reference of the test voltage signal. Using PRPD
as a classification tool assumes each PD source has a unique discriminating PRPD pattern.
However, using this technique can be problematic for a number of reasons; first, capturing
and recording PRPD patterns require extra hardware equipment. Second, in the presence of
increased noise during online measurements, the patterns often get distorted to the extent
that the identification of the PD source becomes impossible. Thus, more research has been
focused on interpreting the time-series waveforms of the pulses corresponding to the active
sources of PDs [87,188]. Although the PD signals differ from one measurement system to
another, the classification of PD sources within a particular measurement system can be
done by analysing the PD signals. The characteristics of each of the captured PD signals are
determined not only by the measurement system, but also by their physics and the travelling
path to the PD acquisition system [89]. This is accompanied by the necessity of applying ef-
fective techniques to filter out the background noise [90,91]. With the advancement of power
electronic devices, not only is background noise of concern, the internal noise and external
interferences also make the problem difficult. All these disturbances are factors responsible
for degrading the functionality of a PD detection system. Thus, an extensive amount of
research has been carried out to suppress noise and interference in a PD detection system.
Researchers have been using FFT-based methods and digital filtering methods to eliminate
interference since the 1990’s [92] . Many approaches have been implemented in order to dif-
ferentiate PD pulses from interference and noise pulses since then. Some of the approaches

are, for example, based on signal energy ratios analysis [93], wavelet techniques [94], and
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pulse clustering by means of time-frequency (T-F) maps [95]. Over the years, statistical
time-domain and frequency-domain methods have been used to extract features from the
PD waveforms. Selecting discriminate features (from the pool of all the extracted features)
is typically performed that will be used to train a classifier. As a result, the performance of
the PD detection system is dependent on the features used for training the classifier. Recent
advances in the application of deep learning algorithms on raw data has enabled the inte-
gration of feature selection stage within the classifier. Convolutional neural networks (CNN)
and long short-term memory (LSTM) models have been used to classify different sources of
PDs [56,/61]. However, the raw input data to these algorithms mostly consist of high quality
noise-free signals which are not representative of real-life noisy signals.

Moreover, in real life, different sources of PD might exist in an electrical insulation system
simultaneously. This means that the PD classification problem changes from a single-class
to a multi-class and multi-label classification problem, where a PD pulse sample can be
assigned multiple labels at the same time. However, most of the existing research on PD
source classification has focused on the classification of single-class sources of PD. To tackle
the multi-class PD classification problem, most approaches consider the multi-source scenario
as a new class to be trained rather than a combination of multiple single classes [96,97]. The
authors in [98] used long short-term memory (LSTM) in order to classify different sources
of PD using time-series waveforms. The above work depends on the assumption that PDs
do not happen at the same time i.e., while PRPD patterns can be superimposed, time-series
waveforms of different sources do not overlap. The same authors expanded their work in [52]
to train a sequence of given number of PD pulses instead of a single PD pulse using LSTM.
Using the training of single sources of PDs in a sequence, the aforementioned model was

reported to be able to detect multiple sources in each sequence.
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In this chapter, the performance of one-dimensional CNN model is explored when noise
is added to the PD pulses. In addition, a study is presented to examine the limitations of

multiple one-versus-all, one-dimensional (1D), CNNs for multi-label classification of PD.

4.1 Presence of Noise and Interference

This study is conducted to evaluate the performance of a one-dimensional CNN model and to
evaluate how prone it is to noise and interference. Two case studies have been explored where
synthetic and experimental datasets are used. Independent binary classifiers are implemented
for each dataset, where the evaluation of the model is performed on samples with different

interference frequencies and different levels of signal to noise ration (SNR).

4.1.1 Datasets

In order to test the classification capability of the 1D-CNN, a controlled dataset is generated
to establish a proof of concept. Two classes corresponding to two types of PD sources have
been represented as Gaussian waveforms of unity magnitude with two different rise times
(5ns and 10ns). This synthetic dataset consists of 1000 samples per class, where the pulse
moves from time ¢ = 0 ns and ending at ¢ = 450 ns with a shift of 0.4 ns. In order to
have a simplified presentation of real signals, a sinusoidal interference is introduced to the
dataset with variation in the frequency, amplitude, and random shift angles. Interference
signals corresponding to the following frequencies were synthesized: 10,30, 50,60,80 and
100 MHz. The corresponding rise time for each of the interference signals are: 30, 10, 5, 3.75,
and 3 ns. For each of the interference frequencies, different interference amplitudes are

considered: 0.2,0.5,0.6,0.8,and 1. In addition, additive white Gaussian noise (AWGN)
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Fig. 4.1: Class 1 with different SNR for AWGN.

with different levels of signal-to-noise ratio (SNR=0.01,0.5 and 10dB) are added to the two
classes. Examples of the AWGN and interference signals are shown in Fig. [£.1 and Fig. [4.2
respectively. To avoid redundancy, only waveforms corresponding to class 1 (i.e. a risetime
of 10ns) are shown in these figures. The training dataset consisted of the two classes with
an interference frequency of 100 MHz and an amplitude of 0.6.  Eighty percent of the
samples are used for training and 20% are used for validation. The model is evaluated on
the testing dataset which includes all the signals with different frequencies and amplitudes
of the interference signals in addition to the AWGN signals.

The second dataset is an experimental dataset that is adopted from lab measurements
where artificial defects were employed to generate PD . The lab measurement setup
consisted of a high voltage transformer, a capacitive divider to measure the AC voltage, the
test cell, and the PD measurement system . The lab setups simulate common sources of

PD in air and in SF6. The test cells include three sources: floating electrode in SF6 (class 1),
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Fig. 4.2: Class 1 with different amplitudes of the interference signals.

moving particle in SF6 (class 2), fixed protrusion in SF6 (class 3), and corona in air (class 4).
In total, there are four different PD waveforms generated. A 2.5 GHz digital oscilloscope was
used to acquire the waveforms. Samples of the input waveforms of the four PD sources are
shown in Fig. 1000 samples per class resulting in 4000 samples are used for the training
stage. Eighty percent of the samples are used for training and 20% are used for validation.
For the testing dataset, AWGN and interference signals are added to the measured signals.

An example of class 1 is shown in Fig. [£.4] and Fig. corresponding to the AWGN and

the interference signals, respectively.

4.1.2 Implementation of 1D- CNN

The simplest way to start with training multiple K classes (in this study, K = 2 for the
synthetic dataset and K = 4 for the experimental dataset) is to start with K one-versus-all

binary classifiers for which each classifier is trained to learn an individual PD source. The
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Fig. 4.3: Classes corresponding to different PD sources in the experimental dataset.
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Fig. 4.4: Class 1 of the experimental dataset with and without added noise.
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Fig. 4.5: Class 1 of the experimental dataset with and without interference signal.

decision on the hyper parameters such as the number of layers, number of kernels per layer,
the size of the kernels is specific to each dataset.

The architecture details for each of the two datasets is shown in Table 1.1l Number of
kernels specifies the number of filters the model learns for each layer. The kernel size specifies
the size of time window that will be used for the filter learning. Max-pooling reflects the
extent of temporal sub-sampling while moving from layer to layer. Batch normalization is
used in both models, and the loss used for back propagation is the binary cross entropy.

The models were coded using Keras and Tensorflow in Python, and Adam optimizer was

used [100].

4.1.3 Findings

The performance metric that is used in this study is the average accuracy percentage of

the classifiers, where a sample is considered correctly classified if the probability of correct
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Table 4.1: Datasets architecture design.

Layers Number of Kernels Maxpooling
Synthetic Dataset | Experimental Dataset

Conv 1 64 16 3
Conv 2 64 16 8
Conv 3 32

Conv 4 32

FC1 64

FC 2 16

Output 1

classifier is larger than 0.5 and the probability of the other classifiers is less than 0.5. The

accuracy is then calculated as

Correctly classified samples
N

Accuracy = x 100 (4.1)

where N is the number of tested samples. In addition to the accuracy, for the synthetic
dataset, receiver operating characteristic (ROC) analysis is performed by computing the
area under the curve (AUC) for the ROC. The ROC-AUC is an estimate for the probability
of distinguishing the two classes over all possible thresholds [101].

Table shows the results of the measurement dataset. The model was able to classify
correctly the four classes in the presence of different levels of AWGN. For the interference,
the model starts to show a drop in performance as the amplitude of the interference signal
increases above 0.5. For the synthetic dataset, the percentage accuracy for the AWGN is
100% for all SNR levels. Fig. [4.6] shows the classification accuracy of the model versus dif-
ferent frequencies of the interference signals and different amplitudes. The figure shows that

as the interference frequency shifts from the trained frequency 100 MHz, the performance
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Table 4.2: Results of measurement dataset

Measurement Dataset
AWGN Interference
SNR Level (dB) | Accuracy | Amplitude Level | Accuracy
10,0.5,0.01 89% 0.1, 0.2 100%
0.5 89.5%

Table 4.3: AUC for the synthetic tested data

Frequency Amplitude 02 |05 |06 |08 |1
100 MHz g; 1 1 1 1 1
80 MHz g; 1 1 1 1 1
50 MHz g; 1 (1)673 (1).655 (1).98 1
ol e o
R e it

of the model degrades. This behavior is evident for the frequency of 50 MHz. For 30 MHz
interference signals, the model performance drops. This is because of the fact that the rise
time of the sinusoidal interference is equal to that for one of the classes. Table [4.3| shows
the values for ROC-AUC. The AUC is a number between 0 and 1, where 1 reflects a perfect

classifier and 0.5 reflects a purely random classifier.
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Fig. 4.6: Sensitivity of 1D- CNN to different interference amplitudes and frequencies for
the synthetic dataset.

4.2 Multi-Label PD Classification

4.2.1 Datasets

Since gathering experimental data is resource-intensive, it is advantageous to start with
synthetic data. This brings an additional benefit of complete control over the initial data
sets used for training the CNN. In this study, Gaussian waveforms of unity magnitude with
different rise times ranging from 1 to 17 us were generated with a 0.1 ps time step. A
sample of the waveform corresponding to the different classes is shown in Fig. [.7 A
set of waveforms for each corresponding rise time was generated, each set of waveforms
consists of 1000 samples per class, where the pulse moves along the time axis with a shift of
0.3 us. As commonly used, 80% of the samples were used for training and 20% were used for

testing. For the testing dataset, multiple classes in one sample were taken into consideration.
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Fig. 4.7: Synthetic data: different rise times corresponding to different classes.

Since this is a time-series waveform application, the timing of the pulses is important. In
one scenario, pulse corresponding to two different classes may occur simultaneously (i.e.
completely overlap), and in the other, the the pulses for two classes could be far apart in
time (i.e. no overlapping takes place). The third scenario is when pulses partially overlap,
shown by example in Fig. |4.8

A total of 4 different case studies were considered: 3-, 4-, 7-, and 10-class classification
problems. For the testing datasets, different classes were randomly combined. By way of
an example, for the 7-class classification scenario, the tested dataset included: classes 1 and
6, classes 2 and 5, classes 5 and 6, classes 1 and 2. These combinations were, respectively,
labeled as C16, C25, C56, and C12. A summary of the random multiple classes for the
different scenarios is shown in Table [£.4] Since, in this study, the purpose was to investigate
the effect of increasing the number of classes to be classified on the performance of a one-vs-all
1D-CNN, no interference or noise is added to the waveforms.

The second dataset is the experimental dataset. 3D-printed polylactic acid (PLA) cylin-

drical samples that contained a void of specific size inside them were designed and fabricated
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Fig. 4.8: A sample synthetic waveform with two classes partially overlapping.

Table 4.4: Multiple Classes Considered for each Scenario

Case Study Test Dataset

Three class classification | C12

Four class classification | C12, C13, C23

Seven class classification | C12, C25, C56, and C16
Ten class classification C12, C13, C19, and C27
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Fig. 4.9: (a) Schematic of the experimental setup, (b) Photo of the PLA sample between
brass electrodes. For the experiments, the sample is immersed in transformer oil.

to generate PD in a controlled laboratory environment. A schematic of the experimental
setup, and a sample of the 3D PLA sample are shown in Fig. and Fig. [£.9D] respectively.
In this experiment, classes 1 and 2 refer to PD resulting from samples with, respectively,
a 0.5 mm and 2 mm void. More information on the PLA samples and the experimental
setup can be found in . The laboratory measurement setup consisted of a high voltage

transformer, a coupling capacitor, test cells, and a commercial PD measurement system. A
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Fig. 4.10: Samples of signals collected in the experimental setup. Classes 1 and 2 corre-
spond to the 3D PLA samples with a 0.5 mm and a 2 mm void, respectively.

high-frequency current transformer (HFCT) connected to a 2.5-GHz digital oscilloscope with
segmented memory (Agilent DSO9254A) was used to acquire the PD time-series waveforms.
The experimental setup does not permit more than two cells to be connected in parallel to
record the signals, limiting the investigation of the experimental data to two classes. Adding
class 0, representing the class of no PD, makes this problem a 3-class classification case. A
sample of the signals corresponding to the two classes acquired by the HFCT is shown in
Fig. [4.10] The magnitude of all signals was normalized to unity to eliminate the magnitude
factor from the learning criteria of the deep learning algorithm. For each class, 2048 signals
were recorded. As commonly used, 80% of the samples were used for training and 20% were
used for testing. When only one cell is connected in the setup, the ground truth is known
(i.e. either class 1 or class 2). To investigate the multi-class scenario where both class 1 and
class 2 were present, two cells were connected in parallel in the experimental setup. However,
when both cells were connected, the ground truth of the recorded signal is not intuitively
known as the PD pulse could arise from cell 1, or cell 2, or both. To label correctly the data
samples resulting from connecting both cells in parallel, an investigation of the time-series

waveforms frequency spectrum was conducted. Out of the 2048 signals recorded, 845 sig-
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Table 4.5: Datasets Architecture Design

Layers | Number of kernels | Maxpooling
Conv 1 32 5
Conv 2 16 3
Conv 3 16 2
FC1 512

FC 2 128

FC 3 64

Output 1

nals were labeled as class 12 since the frequency spectrum investigation yielded that the PD
resulted from both cells. However, without manual inspection on each of these signals, it
was not possible to determine whether the PD pulses resulting from the two cells overlapped
completely, partially, or did not overlap at all.

The details of the neural network architecture for the synthetic and experimental datasets
are shown in Table [£.5] The learned models were optimized in regard to the hyperparameter
values such as the learning rate, number of layers, number of neurons in each layer, and the
size of the kernels. Since the synthetic and experimental datasets are different from each
other, the architecture of each dataset is unique with respect to the size of kernels used in each
convolutional layer. The binary cross entropy loss function and batch normalization were
used in both algorithms. The algorithms were implemented using Keras and TensorFlow in

Python.
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4.2.2 Findings

The performance metrics used in this study are the average accuracy percentage and the
false negative rate of the classifiers. For the average accuracy percentage, a sample is con-
sidered correctly-classified if the probability of the correct classifier is larger than 0.5 and
the probability of the other classifiers is less than 0.5. For the signals which correspond to
two classes, the average classification accuracy is considered by taking the mean of correct
classification for each class. The false negative rate is an important metric in high voltage ap-
plications since the failure to detect PD might eventually result in equipment failure. While
the classification accuracy gives equal weight to all classes, the false negative rate focuses on
the labels that the sample belongs to. Details on the calculation of the average classification
accuracy and false negative rate is found in Chapter 3. Table shows the average classi-
fication accuracy and the false negative rate for each of the considered multi-labeled classes
corresponding to each of the four case studies using the synthetic data. For every case study,
it was noticed that the performance was better when the two classes have distinct rise times.
For example, in the ten-class classification problem, the average accuracy was higher for the
multi-labeled class C19 compared to that of C12. In addition, the effect of increasing the
number of classified classes on the average classification accuracy of the signals which result
from two classes was investigated. Fig. [4.11] shows the average classification accuracy and
the false negative rate of the multiclass C12 as a function of increasing the number of classes
to be classified. In this figure, the percentage accuracy values for the multiclass C12 for all
the different classification case studies (i.e. 3, 4, 7, and 10 classes) were compared. As the
number of classes to be classified is increased, the performance of the one-vs-all 1D CNN
classifiers decays, and this is reflected by investigating the average classification accuracy

and the false negative rate. This may be attributed to the fact that with more classes, the
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Table 4.6: Accuracy of Multiple Classes for Synthetic Data Case Studies

Average Accuracy % | False Negative Rate %
Three classes | C12 90.2 12.0
Four classes | C12 85.4 13.0
C13 94.6 8.4
€23 81.4 15.3
Seven classes | C12 74.8 20.1
C16 87.0 13.1
C25 85.3 16.3
Ch6 82.0 174
Ten classes C12 60.2 30.2
C13 75.5 22.3
C19 80.1 13.1
C27 85.0 12.3
A80 - 8
S
o 60+
g’ — Average classification accuracy
@ 40 L — False negative rate
g
20 | /

Number of Classes

Fig. 4.11: The average classification accuracy and the false negative rate of the multiclass
C12 as a function of increasing the number of classes to be classified.
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‘all’ category in a one-vs-all setting tends to contain datapoints from increasingly diverse
classes while the algorithm is still being forced to learn representations that treat examples
from the ‘all’ category similarly, thus making the classification problem harder. Another
aspect to investigate was the effect of overlapping signals on the classification accuracy for
multiclass labels. When the PD signals resulting from two classes do not overlap at all, the
classification accuracy is 99%. However, when the two PD signals start overlapping, the
accuracy decreases to 84% until it becomes 67% when the signals overlap completely. This
is expected since, with no overlapping, the two signals preserve the intrinsic characteristics
of the single classes of class 1 and class 2 separately. However, when the signals start to
overlap, the model struggles to incorporate the learned intrinsic characteristics of the single
classes in order to determine the label of the overlapping signal.

For the experimental data, the investigation of the performance of the model used the
confusion matrix as the laboratory conditions do not completely control the time of occur-
rence of both signals resulting from the cells. The confusion matrix is a decision-making
tool which shows how the classification model is confused when trying to label the data
and making predictions. As the training phase includes the single classes only, a hybrid
confusion matrix is shown in Table [£.7] where the rows and columns represent the input
and predicted classes, respectively. In the confusion matrix (Table , the true positives
are highlighted for better visibility. The model successfully predicted the signals resulting
from single classes. This is expected since the training of the model was a result of learning
the intrinsic characteristics of the single classes. When it comes to having a signal that
has a label of C12, the model performance drops substantially to an average classification
accuracy of 67.1% and a negative false rate of 49.4%. This is consistent with the results of

the synthetic data.
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Table 4.7: Hybrid Confusion Matrix for the Experimental Data

Predicted Class

o C1 C2
2 [Cco | 432/432 | 0 0
S et |o 389/389 | 0
g 2 | o 1 408,408
= [ c12]0 266,/845 | 589,845

4.3 Summary

One dimensional convolutional neural networks were used for the classification of PD pulses
and showed promising results for distinguishing PD pulses from random noise and interfer-
ence. The random noise is represented as Gaussian noise and the interference pulses are
represented as sinusoidal signals. The proposed method does not require any pre-processing
of the signals. A synthetic dataset was used to have complete control on the variability of
the training and testing dataset. Random noise with different SNR levels, in addition to
different rise time and amplitude in the interference signals, were tested. A measurement
dataset of four sources of PDs was tested as well. The designed model starts degrading in
performance when the rise time of the interference signal is the same as the rise time of
the PD. In addition, a one-vs-all one-dimensional convolutional neural network classifier was
used for the classification of PD pulses. Single classes corresponding to single sources of PDs
were trained, and testing was performed using single and multiclass signals corresponding
to single and multiple sources of PDs taking place. A synthetic dataset was generated to
have complete control over the dynamics of the signals especially for multiclass labeled data.

An experimental dataset using 3D PLA samples with voids inside them was generated and
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tested as well. While the performance is promising in regarding to the single classes, the
performance of the one-vs-all 1D-CNN started dropping when multiclass labeled signals were
tested. This is shown by investigating the average classification accuracy and the false nega-
tive rate . In addition, as the number of the classes to be classified increased, the one-vs-all
1D-CNN showed lower levels of performance. After noting the limitations of off-the-shelf
CNN architectures, the continuing work of the research is focused on developing CNN based

models for PD classification where time-series waveforms are the input the learning models.
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Chapter 5

An Interpretable CNN Model for
Classification of Partial Discharge

Waveforms

In this chapter, a 1D-CNN is designed, implemented, and tested to investigate the PD pulses
generated in a void inside a solid dielectric. In addition, we add attention mechanism to the
learned CNN model to introduce interpretability to the decisions made by the deep neural
network. A number of 3D-printed polylactic acid (PLA) cylindrical samples which have
voids inside them are designed and fabricated. Each sample had one 0.5 or 2 mm void.
The PD pulses collected from these samples are used to evaluate the performance of the
proposed 1D-CNN. Studying the PD waveforms resulting from either void sizes makes the
study a void characterization problem, where the network is trained in order to output the
void-size catergory. As such, the input to the CNN model is the time series PD waveforms,

and the output is the label corresponding to the identified void class. Since the amplitude
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of the PD waveforms is specified by the measurement system, the time-series waveforms are
normalized to make the filters of the CNN invariant to the amplitude of the waveforms.
One of the main contributions of this work is the establishment of a connection between the
void size and the corresponding bandwidth of the associated PD waveform, which in turn is
related to the corresponding rise time. In fact, based on our observations, only human visual
inspection - based decisions will be very difficult because the pulses resulting from samples
of two void sizes look similar to each other. The fact that the pulses look similar across
the classes actually makes the problem difficult rather than easy. This visual observation is
further validated by the time-frequency (T-F) map, where two partially overlapping clusters
appear. Therefore, it is required to use a non-linear mapping (such as CNN) on the two
classes where the difference between the two classes corresponding to pulses of different void
sizes is amplified. Hence, the 1D-CNN findings are compared with those obtained from T-F
map, which is an established tool used in industry to classify different PD pulses. Moreover,
the findings are also compared with extracted statistical features from the PRPD patterns.
While the T-F map is based on the application of one filter, i.e. Fast Fourier transform, the
1D-CNN learns different adaptive filters automatically which allow it to learn more compact
and general characteristics of the time series waveforms. The 1D-CNN model shows improved
classification results compared to the T-F map, where the metric used is the classification
accuracy. The attention mechanism along with interpreting the filter’s coefficients of the first
convolutional layer verify that the filters of the CNN model automatically learn to home in
on those sub-sections of the waveform which are associated with the rise time of the PD

pulses corresponding to the two classes.
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5.1 Materials and Methods

5.1.1 3D-Printed PLA Samples

The samples considered were fabricated from polylactic acid (PLA) filament using a
commercially-available 3D printer (AXIOM Dual Extruder) controlled with APEX software.
The choice of the particular filament type is not critical to the outcome of this study. PLA
is commonly used for 3D printing applications and, therefore, readily available. Several
samples with a void were printed for the partial discharge measurement as well as control
samples which were solid cylinder samples with no void at the center [103]. Each sample is
a cylinder with a height of 12 mm, and a diameter of 12 mm. The CAD models of our 3-D
printed samples include a cylindrical void located at the mid-point of the cylindrical axis as
shown in Fig. [5.1al The first group of the samples had a void with a height and diameter of
2 mm, whereas in the second group of the samples both the height and the diameter of the
void were reduced to 0.5 mm. [] Before running the partial discharge tests on the samples,
X-ray microtomography imaging using a commercial system (Sky-scan 1275) was used to
confirm the presence/absence of the void. The images obtained from X-ray microtomog-
raphy provide insight into deviations from the desired void geometry/dimension that may
arise from the 3D-printing process as shown in Fig. [5.1b| The imperfections shown in Fig.
are also present in the solid (control) samples and partial discharge signatures were
not obtained from these control samples. We conclude, therefore, that the most significant
contribution to the partial discharge signature does arise from the void at the center of the
samples studied. Moreover, to ensure that the PD is generated by the void, we had a setup

with the electrodes with no sample up to 26 kV, where no PD was recorded. Next, we added

*The 3D-printed samples were fabricated by Puneet Gill. Courtesy of Puneet Gill for the x-ray image in

Fig. [104].

- 81-



Deep Learning for PD Classification 5.1 Materials and Methods

12 mm

12 mm

(b)

Fig. 5.1: (a) A schematic of the 3D-printed PLA cylindrical sample showing the location
of a cylindrical void at the centre (the common axis of rotational symmetry for the void and
the sample is shown as a dashed vertical line through the void), (b) X-ray microtomography
scan of a 3D-printed PLA sample, shown looking along the common axis of symmetry (i.e.
rotated towards the reader when compared to the schematic), that shows the void in the
centre of the sample as well as imperfections generated during the printing process (most of
which occur at the base of the sample - farthest from the reader as viewed in this image).

the control samples (solid cylinder samples with no void at the center) which had the same
quality with regards to the same imperfections and still no PD was recorded. And finally
PD was recorded when the sample with a void was introduced. This confirms that PD was
generated by the void. The accuracy of the 3D-printing process is heavily dependent on
the geometry and sequencing of the raster pattern that the print head follows as well as a
number of parameters including: the local temperature at the print head, the speed at which
the print head moves across the sample during printing, and the rate at which the filament
is inserted into the print head.

A schematic of the experimental setup is shown in Fig. [5.2al A commercial instrument
(including a coupling capacitor, a coupling impedance, and a PD system) is used to generate

the PRPD patterns. A capacitive sensor (by HVPD) connected to a 2.5-GHz digital oscil-
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loscope with segmented memory (Agilent DSO9254A) is used to acquire the PD waveforms.
The 3D-printed PLA sample is held between two brass electrodes of an external diameter of
10 mm. The sample and electrodes are immersed in transformer oil (Voltesso 35) as shown
in Fig. [5.2b] In order to confirm whether or not there is any oil absorption by the samples,
a number of 3D-printed PLA samples are immersed in oil for two weeks. The mass of each
sample is determined before and after immersion using a microbalance (Perkin Elmer - AD 6
Autobalance with Controller). In all cases, the variation in the recorded mass within instru-
mental uncertainty confirms the hypothesis that the 3D-printed PLA samples do not absorb

oil in sufficient quantities to impact the outcome of the partial discharge measurements.

5.1.2 Dataset

The dataset investigated consists of PD waveforms from the 2-mm void (class 1) and 0.5-mm
void (class 2). In order to generate the PDs, the applied voltage for samples of class 1 is
14 kV, and the applied voltage for the samples of class 2 is 22 kV. The PRPD patterns are
recorded for samples with both the 0.5 and 2 mm void sizes. Typical acquired waveforms for
class 1 are shown in Fig. [5.3 The PRPD pattern of class 1 samples (i.e. with a 2-mm void)
is shown in Fig. [5.4f A sample of the PRPD pattern and PD waveforms corresponding to
class 2 are shown as well (Figs. and [5.6). As seen for each of the classes, two different
waveforms are present in the time series waveforms recorded. This corresponds to the clusters
formed in the PRPD pattern, where each cluster is at a different phase angle of the applied
voltage. The number of waveforms corresponding to each of the clusters is roughly the same.

Six thousand time-series waveforms are recorded for each of the two classes. The length
of the time series is 10,000 for each waveform. Depending on the triggering setup on the

oscilloscope, a 4 us window is considered as the input to the 1D-CNN model for both classes.
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Fig. 5.2: (a) 3D-Printed PLA sample (12mm long and 12mm diameter) held between brass

electrodes (external diameter 10mm) (b) Sample and electrodes immersed in Voltesso 35
oil for partial discharge measurement.
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Fig. 5.3: Two examples time series waveforms from class 1: the left one shows a positive
pulse and the right one shows a negative pulse. Both pulses belong to void size class 1.

Hence, the length of the input time series waveforms considered is 4000. Since the internal
resonance frequency of the capacitive sensor and the connecting cable is high enough, the
acquired waveforms are not oscillatory. As a result, no pre-processing of the waveforms is
required other than normalizing the magnitude. Even with damped oscillation present in the
waveforms, that may be caused by the measurement system, machine learning algorithms
will learn representations that ignore the similarity across classes. In this case, since the
damped oscillations would be similar across the two classes, the non-oscillatory waveforms

used in this study are suitable to evaluate the developed CNN model.

5.1.3 Time-Frequency Map

A typical visualization and classification tool that is used by researchers to classify PDs
from different sources is a clustering technique based on analysing the time behavior and
the frequency content of the PD time-series waveforms , 105]. The clustering technique

is based on calculating equivalent time (7,,) and equivalent bandwidth (W,,) of the PD
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Fig. 5.4: PRPD pattern of class 1 sample.
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Fig. 5.5: Two examples time series waveforms from class 2: the left one shows a positive
pulse and the right one shows a negative pulse. Both pulses belong to void size class 2.
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Fig. 5.6: PRPD pattern of class 2 sample.

waveform (denoted as s(¢;) in the time domain and S(f;) in the frequency domain) that are

defined as
o Sy 8% (k)

where
Efil t;s” (t:)
Sy 82 (k)

ty =

and

\/zz PSP 52)

SIS ()P
In and (5.2)), N represents the number of samples of each waveform. S(f;) is obtained
by applying the Fast Fourier Transform (FFT) to the time-domain waveform s(t;).
T, and W, of each PD waveform maps it to a point on the T-F map. The PD waveforms

with a similar shape are mapped into a cluster on the T-F map. Using the T-F map to
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Fig. 5.7: T-F map of the normalized PD waveforms acquired from 6, 000 samples of class
1 and 6,000 of class 2. Some overlap is visible between the two clusters.

classify different PD sources and mapping them into different clusters has been useful in
many applications [106]. However, loss of signal information is one disadvantage of this
technique. This is expected since this mapping is essentially a compression technique, where
a signal is represented in a compacted form on the T-F map. Figure shows the T-F map

of PD waveforms acquired from both classes.

5.1.4 Principal Component Analysis (PCA) of Statistical Features
Extracted from PRPD
Since the source of partial discharge is the same for all the samples, that is a void in solid

dielectric, the PRPD patterns visually appear to be the same for both the 2 and 0.5 mm sizes

of the void. However, one can extract additional statistical features from a PRPD recording.
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Fig. 5.8:
statistical features of the PRPD
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patterns.

First two principal components of data resulting from applying PCA on the

To do this, the 27 phase angle is divided into a number of windows (in this work 100 windows

of m/50 width). The number of discharges, the maximum value of the discharge magnitude,

and the average of discharge magnitude is computed for each phase window [107]. As a

result, a feature vector of 300 elements is extracted for each sample. Principal component

analysis (PCA) is applied on the feature vectors. The first two principal components are

shown in Fig. The variance preserved from the first two principle components is 68%.

As shown in Fig. [5.8] the values along the first principle component, which has the highest

variance, overlap for the two classes. However, along the second principle component, which

has less variance, we observe some separability. Hence, the performance of a PCA-based

classifier is expected to be limited.
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Fig. 5.9: 1D-CNN with first convolutional layer of filter size 4 and max pooling of 4
followed by a convolutional layer of filter size 3 and max pooling of 4 followed by two fully
connected layers of 512 and 64 neurons respectively followed by the classification layer with
one neuron.

5.1.5 1D-Convolutional Neural Network

CNNs belong to a class of deep learning models which apply a series of successive convo-
lutional and pooling layers to learn to derive feature representations useful for a particular
task at hand e.g. classification . The application of CNNs was originally intended for
images, but recently their use has been extended to a range of applications involving one
dimensional waveforms ,,. Owing to the complexity of PD pulses, we have imple-
mented a 1D-CNN model for time series waveform classification depending on the different
void sizes inside the samples. The architecture used for this study is shown in in Fig. [5.9]
Each layer in the CNN architecture has a specific role. The proposed architecture consists
of four learnable layers: two convolutional layers, and two fully-connected layers. The first
convolutional layer accepts the waveform as input and learns multiple time-domain filters
to process the waveform. The response of each of the filters suppresses or enhances certain

aspects of the input signal e.g., filtering noise or amplifying peaks. It must be noted that
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the coefficients of the filters are not pre-specified, rather are learned so as to aid in the final
classification of the waveform. To allow the CNN to model non-linear transformations, a
non-linear activation function, rectified linear unit (ReLU) [110], was added after each layer.
The output of the convolutional layer was subsampled (using a max-pooling operation [111])
to allow the subsequent layer to learn filters that model long-range interactions in time. The
filter-responses from the second convolutional layer were concatenated as a vector and fed
into a cascade of two fully-connected neural networks (layers 3 and 4) [112]. The output
of layer 4 is a scalar which is passed through a sigmoid activation (producing a number
between 0 and 1), such that the final output of the overall neural network can be interpreted
as the probability of the waveform belonging to a particular void category. Since we are deal-
ing with a two-class problem, as a loss, we minimize the binary cross entropy (BCE) [113]
between the network output and the actual ground-truth labels for the void category. To
minimize the loss, the Adam optimizer was used [100]. The model is coded using Keras and
Tensorflow in Python. Four-fold cross validation [114] was employed to assess the robustness
of the traning process to the choice of the training and testing sets. Eighty percent of the

dataset is used for training and 20% is used for testing.

5.1.6 Adding Interpretability to the CNN

CNNs extract features from input data such that the convolutional layers retain detailed
spatial information, while the fully connected layers retain high level information [115].
Capitalizing on this property, techniques have been developed for introducing class-specific
interpretability within the CNN framework |116H118|. Chief among them is the Gradient
Class Activation Map (Grad - CAM) method [118]. Grad-CAM is a post-hoc interpretability

method that takes in a pre-trained CNN, and analyzes what part of the last convolutional
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layer contributes to the final decision of the network. In particular, the method computes the
gradient of the predicted class with respect to the last convolutional layer’s feature maps.
This gradient reflects the part of the input which contributes mostly to the classification
output. Grad-CAM has been used widely for a range of applications [118-121]. In [122],
a two CNN-based multitask model that classifies simultaneously the fault types and the
working conditions of rotating machinery was proposed. Grad-CAM method was used to
visualize the weight vectors of multiple convolutional layers and accordingly, the part of the
signal which is of interest was localized.

A Grad-CAM approach is implemented in this chapter to interpret and localize parts of
the input PD waveform responsible for an output decision corresponding to a particular void
size class. To achieve this goal, after training the model, first, the model output and the last
convolutional layer output for a given tested sample are computed. The gradient (Grad) of
the winning void size class y¢ is computed with respect to the feature map activations A* of
the last convolutional layer that is defined as

Ay°
0Ax”

Grad = (5.3)

The value of the gradient depends on the input PD waveform and the void size class to which
it belongs. This is due to the fact that the feature maps A* are determined by the input PD
waveform. In our model, there are k = 16 feature maps. The gradient with respect to the
k" feature map is then averaged to compute its overall effect on the ¢ class output. The

averaged gradient o is calculated as

(5.4)
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where Z (that is equal to 30 in this study) is the length of one feature map, and A¥ is the
ith element of the k' feature map. Finally, we use the averaged gradients, a¢, as the weight
of the corresponding feature map and calculate a weighted sum of feature maps as the final
Grad-CAM heat map. In the last step, we apply a rectified liner unit (ReLLU) operation to

emphasize only the positive values and turn all the negative values into 0. This is defined as

CGrad7CAM = ReLU (Z OéZ.Ak) . (55)
k

Since the feature maps in the last convolutional layer in most CNNs are small compared to

the input, up-sampling operation is required before visualizing the heat map.

5.2 Findings

In order to summarize the methodology, Fig. [5.10| shows a flow chart of the different tech-
niques used in order to emphasise the importance of the proposed CNN model. The per-
formance metric that is used in this study is the accuracy percentage. The accuracy is

calculated as
Correctly Classified Samples
N

x 100 (5.6)

Accuracy =

where N is the number of tested samples. Table presents the confusion matrix in which
the rows and columns represent the input and predicted classes, respectively. The per-class
accuracy in addition to the average accuracy are calculated. The classification accuracy for
class 1 is 99.16% and the classification accuracy for class 2 is 98.83%. The f1- score is 0.9899.

As already shown in Fig. [5.7 the two clusters intersect in a small portion. This is

illustrated more clearly in Fig. One thousand one hundred eighty data points of class
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Fig. 5.10: Flow chart of the proposed framework: mapping the time-series waveforms
to a T-F map, training a 1D-CNN using time-series waveforms followed by interpreting
the decision making via attention model, and applying PCA on 300 statistical features
extracted from PRPD patterns, where within unseen data, there could be more probability
of confusion along the second principle component axis.

Table 5.1: Confusion matrix of independent classifiers.
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Class 1 Class 2

1,180
4,454 4,820
1,546

Fig. 5.11: Intersection of samples resulting from mapping them into the T-F map.

2 overlap with those from class 1 and 1,546 data points of class 1 overlap with those from
class 2. Of the 12,000 data points that correspond to the time series waveforms of class 1
and class 2, 2,726 are not assigned to either clusters. Therefore, 77.28% of the data points
can be assigned to their true label. Moreover, although applying the PCA on the statistical
features of the PRPD is able to differentiate between the two clusters, a restriction is that
this approach is not applicable for DC applications where no phase reference exists.

On the other hand, as mentioned above, a 4-fold cross validation is adopted for the
1D-CNN model. The average scores for all folds has an accuracy of 98.7%. In addition,
the loss of the model is 0.003. Therefore, the 1D-CNN shows improved results with 99%
classification accuracy compared with that of the T-F map with 77.28%.

Class specific attention maps as computed by the Grad-CAM approach are shown in
Figs. and [5.13] where it is seen that the model concentrates at the start of the signal
in order to decide on the label of each sample. Since CNN classification problems tend to
find common features for same-class samples, it is expected that the model focuses on the
positive pulse rather the negative pulse.

In order to have a better understanding of what the model is learning, we further analyse

the learnable kernels of the convolutional layers. Figure [5.14] shows the heat map of the 16
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Fig. 5.12: Attention mechanism implementation for class 1 : (a) Positive pulse (b) Negative
pulse. In (a) and (b), the model concentrates at the start of the waveform in order to decide

on the label of the sample.
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Fig. 5.13: Attention mechanism implementation for class 2: (a) Positive pulse (b) Negative
pulse. In (a) and (b), the model concentrates at the start of the waveform in order to decide

on the label of the sample.
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Fig. 5.14: Heat map of the 16 kernels weights learned in first convolutional layer with
kernal size of four.

filters that are learned in the first convolutional layer. As shown, the filters are a mix of
third order difference-filters, where variations of positive and negative filter coefficients show
that the model is learning different aspects of one particular signal including: detection of
steps (both up and down), along with peaks and dips.

When interpreting the PD pulse resulting from any source, one should be able to localize
what part of the signal is important. When automating this interpretation, experts should
make sure that the automated system is looking at the right part of the signal. As such,
interpretability methods such as Grad-CAM are of crucial importance as they enable validat-
ing the learned outcome of the CNN model. As mentioned before, the T-F map makes use
of the Fast Fourier Transform (FFT) in order to map a signal to a single point. The usage of
FFT indirectly implies that one type of filter is used for the mapping of the waveforms into

the T-F map. On the other side, the CNN learns different sets of filters where no constraints
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are forced on these learnable filters. As a consequence, comparing the T-F map to the CNN,
it is possible that CNN is allowing to learn a mapping that is more diverse and more general
than T-F mapping. This is reflected in the classification accuracy of the T-F map versus the
CNN.

Further, the filter visualization findings in addition to the class attention map findings

(see Figs. |5.12} [5.13] |5.14)) show that the CNN model learns to focus on the rise time of the

waveforms in order to decide on the label assignment of a tested sample. This shows that,
in a given PD pulse, the CNN model is not only able to learn where to look at, but also it
can classify waveforms according to their bandwidth which is associated with the rise time

and the frequency content of the PD waveform.

5.3 Summary

A CNN attention based model with improved capability over traditional classification tech-
niques (e.g. T-F map) to classify different void sizes resulting from a cavity in PLA 3D-
printed samples was presented. Two classes corresponding to 2 and 0.5 mm sizes of void
were studied. Mapping the waveforms corresponding to the two classes on the T-F map
showed a classification accuracy of 77.28%. Also, three statistical features were extracted
from recorded PRPD patterns, which then by applying PCA, revealed two clusters corre-
sponding to the two classes. Although the latter is a successful tool, it is limited to AC
applications in addition to the fact that additional hardware and software are needed to
record the PRPD patterns. The 1D-CNN showed an improved classification accuracy of
98.7% with an increase of 21.42% compared to the T-F map. In order to have a deeper

understanding of what the model is learning, a CNN interpretability method, Grad-CAM,
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was implemented, where it is shown that the CNN learns to home in on the beginning of
the waveform in order to assign the sample to a given class. The filter visualization find-
ings showed that the CNN is learning finite-difference filters of various orders. This is in
line with the inference that the CNN model is looking at the rise time of the waveforms in
order to decide on the label assignment of a tested sample. In other words, the 1D-CNN
was able to differentiate between the bandwidths of different PD pulses. After establishing
the work done in Chapter 4 and Chapter 5, the last part of this research is directed toward
considering more complicated scenario where the number of PD sources is not known. An
unsupervised system is developed where convolutional autoencoder based model is able to
detect the number of PD sources taking place in the insulation of a HV apparatus. The

input of the unsupervised model is the time-series waveforms.
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Chapter 6

Partial Discharge Adaptive Clustering
Method

The focus of this chapter is on the identification of the number of PD sources that occur
simultaneously in an insulation system. The proposed approach is implemented to identify
the number of PD sources that take place in the stator bars in hydro-generators. Considerable
research on classification of PD sources in rotating machine electrical insulation diagnosis has
been done using supervised traditional machine learning techniques [11},79,80] and supervised
deep learning techniques for classification purposes [55[123-126]. For unsupervised tasks,
unsupervised deep learning has been used in integration with experts knowledge to have
a correctly labeled PD sources dataset in [60]. On the other hand, in order to design a
PD system that would detect the number of PD sources, unsupervised traditional machine
learning has been explored in literature. Other than the visual inspection of phase resolved
partial discharge (PRPD) pattern, research has focused on extracting distinctive features

from PD pulses. Separation maps (2D or 3D) would then be used after applying dimension
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reduction techniques in order to decide on the number of clusters which would correspond
to the number of PD sources. Different traditional clustering techniques include K- means,
density based clustering algorithms, and Gaussian mixed models [127]. However, critical
threshold choices should be made for such algorithms. For example, number of clusters
and minimum distance between data points must be assumed in some algorithms. The
authors in [128] proposed a new clustering technique to discriminate multiple PD sources
from electrical noise. The proposed method considers each data point as an object with
two criteria: a mass and a resultant local force generated by its neighbors. After extracting
the features, clustering is applied. The authors reported better performance compared to
traditional clustering techniques such as K-means. Accordingly, a gap has been identified
in literature regarding identifying the number of PD sources with the use of raw data (PD
pulses) and no prior critical thresholds to be assumed.

In this paper, a novel unsupervised deep learning system based on a convolutional au-
toencoder and an adaptive clustering technique is proposed to predict the number of partial
discharge sources present in hydro-generator stator bars. Four common PD sources are
simulated in a laboratory experimental setup in a stator bar. The inputs to the unsuper-
vised system are the unlabeled PD pulses, and the output is the number of the PD sources.
The findings are compared with the visual inspection of time-frequency (T-F) maps, which
are used in commercial PD instruments. In addition, the proposed method is compared
with traditional clustering techniques (K-means clustering and principal component analy-
sis) that have been used for PD clustering in the literature. The visual inspection of T-F
maps becomes challenging when two clusters overlap partially or completely. In addition,
the equivalent time (7,) and equivalent bandwidth (W) are affected by the signal to noise

ratio (SNR), sampling rate, and other acquisition characteristics that affect the shape and
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magnitude of a cluster in the T-F map [129]. Unlike the T-F map that uses two manually
defined filters, i.e. the equivalent time (T¢,) and equivalent bandwidth (W,,), in order to
represent a PD pulse in a latent space, the proposed model automatically learns filters that

perform better when the PD pulse is mapped into a latent space.

6.1 Experimental Setup and Data Collection

The winding and the core are the main components that comprise the stator of a generator.
Stator winding insulation failure is a major cause of generators failure. The stator windings
are made up of multiple bars/coils which are composed of insulated copper, are connected
in series, and are held in the stator core slots |[130]. Groundwall insulation prevents short
circuits between the grounded stator core and the conductors. This insulation is usually
formed of layers of mica tape saturated with resin.

Typical sources of PD that take place in stator bars have been studied in [131}/132].
The common sources of PDs include microvoids, surface discharge, corona discharge, and
endwinding discharges that are simulated in this thesis. Microvoid PDs result from the man-
ufacturing process of stator windings, where small air pockets in the groundwall insulation
are formed [133]. Corona discharge occurs in the surrounding air of a high voltage conductor.
Surface discharge occurs when the stress control coating around the winding is compromised,
which leads to discharges between the winding surface and the grounded stator core. Surface
discharges start appearing after increasing the applied voltage above a certain threshold.

Fig. shows the schematic of the experimental setup employed in this work. The
setup consists of a high voltage transformer, a coupling capacitor, a generator stator bar, and

a commercial PD measurement system. The stator bar is held in a grounded dummy slot,
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which mimics a real stator slot. A high-frequency current transformer (HFCT) is connected
to the ground wire to collect the PD time-series waveforms. A metal sphere is placed on the
end of the bar in order to avoid the generation of unwanted corona. Figs. and show
a photo of the laboratory setup and a close-up of the stator bar in the dummy slot. Corona
discharge is simulated by removing the metal sphere from the end of the bar, and connecting
a wire as shown in Fig. [6.2a] Endwinding discharges occur due to contamination, which
allow the formation of conductive paths. This is simulated by spreading metallic particles
on the stress control coating (see Fig. . A commercial PD measurement system is
used to acquire the PD time series waveform. A total of 57,696 time-series waveforms are
captured with a 10 ns time step. The recording time is 2 us, so the length of the time series
is 200 for each waveform. The PD sources are introduced sequentially into the experimental
setup. The magnitude of all signals was normalized to unity to eliminate the magnitude
factor from the learning criteria of the deep learning algorithm. 10,362 samples (i.e. time-
series waveforms) are captured when 11 kV is applied to the stator bar, 15,034 samples
are captured when floating particles are introduced to the setup, and 32,300 samples are

captured when corona source is added to the setup.

6.2 Method

6.2.1 Time-Frequency Map

Analysing the time and frequency content of PD time-series waveforms allows researchers
to classify different PD sources [87,[105]. This is done by computing the T-F map, which is
a clustering technique that calculates the equivalent time, T¢,, and equivalent bandwidth,

We, (see section 5.1.3 for details). A PD waveform is represented as a point on the T-F map
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6.2 Method
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Fig. 6.1: Experimental setup for PD measurement in a generator stator bar: (a) schematic
of the laboratory setup; (b) a photo of the lab setup; (c) close-up view of the stator bar in

the dummy slot.
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Metal Particles

(b)

Fig. 6.2: (a) A wire is added to the end of the stator bar to simulate corona discharge; (b)
Endwinding discharge is simulated by adding metallic particles on the stress control coating.
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using the two values T, and W,,. It is assumed that the PD waveforms due to a specific PD
source are represented as a cluster on the T-F map; hence, it has been a common practice
to use T-F map for clustering purposes and identifying new PD sources that are introduced
to a high voltage asset [134]. However, using the T-F map becomes challenging when the
clusters on the T-F map overlap, which suggests that the application of T¢, and W,, as the

discriminating features is not sufficient in some cases.

6.2.2 Convolutional Autoencoder

Autoencoders (AE) were introduced in the 1980s [29,30] in order to learn compact represen-
tations of unlabeled input data. With the emerging capabilities of deep learning architectures
in 2006, they regained attention again [31]. Autoencoders consist of two main blocks: an
encoder and a decoder. While training, the encoder transforms the input data into a latent
space by representing it with a compacted representation. On the other hand, the decoder
transforms the compacted representation into the original form. Performing this simulta-
neously by the encoder and the decoder, the neural network is trained by minimizing the
reconstruction error between the input data and the decoder’s output. The encoder and
decoder can be represented by different neural network architectures, where the simplest
one includes fully connected layers. Convolutional neural networks (CNNs) on the other
hand represent a class of deep neural networks. Although CNNs were originally intended
to be used for images, they have shown advantageous performance for different applica-
tions [25,/135,/136]. CNNs consist of a series of successive convolutional and pooling layers.
A convolutional layer is made up of a collection of linear 1D, 2D or 3D filters which are
convolved with an input to produce feature maps. In order to introduce non-linearity to the

learning process, the output is usually passed through a non-linear activation function e.g.
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Fig. 6.3: Flowchart of the proposed method: After training the convolutional autoencoder,
the learned bottleneck coefficients are used in order to map the time-series signal into a
16-dimensional space. Applying cosine similarity based clustering technique allows us to
predict the number of PD sources.

a rectified linear unit (ReLU). A pooling layer is used to subsample the input, where usually
maximum pooling is used which preserves the maximum value in a specific window. In this
paper, due to the complexity of PD pulses, we have implemented a 1D-CNN based encoder
and decoder for the PD time series waveforms; hence, having a convolutional autoencoder

architecture.
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6.2.3 Proposed Method

The flowchart of the proposed method is shown in Fig. [6.3] A convolutional autoencoder con-
sisting of two convolutional layers is trained using an existing dataset. The hyper-parameters
such as the filter size, number of filters, and learning rate are optimized. The length of the
time series is m = 200 for each waveform. This is the input to the convolutional autoencoder.
The first and second convolutional layers consist of 16 learnable filters of size 10 x 1 and
3 x 1 respectively. In order to sub-sample the input, a 2 x 1 max-pooling was performed
after each convolutional layer. This constituted the encoder part. Since we are interested in
the learnable filters after the second convolutional layers, we opted out of the flatten layer
and proceeded to the decoder part. The inference speed measurements were performed on
the NVIDIA Tesla T4 under CUDA 12.0, the number of floating point operations is 834, 923,
and the number of the trainable parameters is 4,465. The model is coded using Keras and
Tensorflow in Python. Batch normalization is used, and the loss used for back propagation
is the mean square error (MSE). Eighty percent of the samples are used for training and
20% are used for validation. After training the convolutional autoencoder, the compact
representation from the second convolutional layer in the encoder is extracted. The com-
pact representation that is learned by the convolutional autoencoder for each waveform is
50 x 16. Averaging of the 16 filters is done which allows each waveform to be represented
by a 16-dimensional sample. The end representation vector of the N waveforms is N x 16.

There are a number of similarity metrics in the literature to assess the closeness of data
points in a feature space, such as Jaccard similarity, cosine similarity and Pearson’s similarity.
Jaccard similarity [137] computes the similarity between two samples by measuring the
intersection divided by the union of the sample sets. Cosine similarity [138] computes the

similarity between two samples by taking the dot product into consideration. Pearson’s
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correlation computes the correlation between two jointly distributed random variables |139)].
Since we are trying to get the similarity between 16-dimensional samples with no prior
knowledge if the samples are from the same distribution or different distributions, cosine
similarity is adopted in the proposed method. The cosine similarity of vectors a and b is

defined as [138]

n

Z (Iibi

): a-b _ i=1
Jallb] =
2 a0
=1 i=1

Two proportional vectors have a cosine similarity of 1, two opposite vectors have a cosine

cos(a,b (6.1)

similarity of —1, and two orthogonal vectors have a cosine similarity of 0. In our proposed
model, the threshold where two samples are considered similar is a hyper-parameter. The
hyper-parameter is set to 0.7 which reflects an angle of 45° between two samples. A visual
representation of the proposed adaptive clustering algorithm is shown in Fig. [6.4b] As shown
in Fig. [6.4a] the algorithm starts off by drawing a random sample from N waveforms and
assigns it to be the reference waveform. The absolute values of the cosine similarity between
the reference sample and each of the rest of N —1 samples are computed. All waveforms with
similarity equal to or larger than 0.7 are clustered with the reference waveform as Cluster 1,
and all corresponding waveforms of the factors that are less than 0.7 are clustered together
into an Auxiliary Cluster. The same procedure is repeated again on the Auxiliary Cluster. This
is repeated until Auxiliary Cluster is null. As such, if this procedure is repeated K times,
this means that the proposed model predicted K — 1 clusters. The algorithm thus does not
need a priori knowledge about the number of clusters and adaptively estimates the number

of clusters depending on the sample distribution. The final check is done on the size of
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Fig. 6.4: Proposed adaptive clustering algorithm based on the cosine similarity criteria.

(a) The overall flowchart; (b) Detailed implementation of the proposed algorithm.
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the clusters. If any cluster is less than 1% of the total size of the evaluated dataset, it is

considered anomaly and it is disregarded.

6.3 Findings

6.3.1 Performance Evaluation of the Proposed Technique

The performance of the proposed technique is evaluated for three different case studies,

where PD sources are introduced sequentially to the lab setup.

Case #1

A voltage of 8 kV is applied that only excites PD in the microvoids of the stator bar insulation,
and time-series PD waveforms are measured. These PD waveforms correspond to the left-
hand side cluster of the T-F map shown in Fig. [6.5a] As the applied voltage is increased
to 11 kV, another cluster starts forming (the right hand side cluster in Fig. that
correspond to surface discharges. In the proposed method, 10,362 time-series PD waveforms
are used to train the convolutional autoencoder. The results of the proposed model output
are shown in Fig. [6.5b] The model suggests that there are two PD sources, which agrees
with the T-F map and the known human experts knowledge. The proposed method predicts
two accepted clusters (4,346 and 6,004 waveforms each) and a rejected cluster (with 12 time
series waveforms). The rejected cluster is disregarded and considered as an anomaly as it

compromises of less than 1% of the PD dataset.
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Fig. 6.5: (a) T-F map of the PD signals captured when 11 kV is applied to the stator
bar. The cluster on the left corresponds to PD in microvoids that also exist under 8 kV of
applied voltage. The cluster in the middle that corresponds to the surface discharge appears
at 11 kV; (b) Representation of clusters based on the proposed cosine similarity criteria for
microvoid and surface discharge PD sources where the number of time-series waveforms is
shown for each cluster. The proposed method identifies 2 PD sources that is confirmed by
the T-F map and the PRPD pattern.

Case #2

Metallic particles are then spread on the stress control coating, and measurements are re-
peated at 11 kV. A new cluster (right-hand side cluster in Fig. appears in addition

to the anticipated two clusters which correspond to internal and surface discharges (see Fig.

- 112 -



Deep Learning for PD Classification 6.3 Findings

800
)
S
= 102
s 600 + .
2 £
£ 400 S
= 1 €
5 08
§ 200 +
=]
oy
= 0
100 10* 10
Equivalent frequency (MHz)
(a)
Cluster 1
A ted
’ 5,775 ‘ ’ 9,259 ‘ ccepte:
Cluster 2
’ 341 ‘ ’ 5,434 ‘ Accepted
Cluster 3
’ 0 ‘ ’ 341 ‘ Accepted
(b)

Fig. 6.6: (a) T-F map of the PD signals captured at 11kV of the applied voltage when
floating particles are introduced to the setup; (b) Presentation of the clusters based on
the cosine similarity criteria the shows the ability to identify the three sources of PD. The
number of time-series waveforms is shown for each cluster.

6.5a)). The performance of the proposed technique is demonstrated in Fig. where three
clusters are identified which correspond to microvoid, surface discharge, and floating particle
PD sources. Since the three predicted clusters have 61.58% ,36.14%, and 2.26% of the PD

dataset, respectively, none of the clusters is rejected.

- 113 -



Deep Learning for PD Classification 6.3 Findings

Case #3

The fourth PD source is then introduced to the stator bar by creating a source of corona
discharge. Since the floating particles PD source resembles a corona discharge, it is expected
to see the cluster of the anticipated corona discharge close to the floating particle PD on the
T-F map. This is shown in Fig. (a). The proposed model suggests five clusters of 61.13%,
28.81%, 8.26%, 1.64% and 0.14% of the total PD dataset. The fifth cluster with a density

of 0.14% is disregarded, resulting is an identification of 4 PD sources.

6.3.2 Sensitivity of the Proposed Model to Noise

To evaluate the immunity of the proposed model to noise, additive white Gaussian noise
(AWGN) with different signal to noise ratio (SNR) levels is added to the dataset [87]. An
example of the AWGN with different SNR levels added to a measured PD waveform when
the four PD sources are present is shown in Fig. [6.8f As shown in Fig. [6.9] the T-F map
for each level of SNR shows a different behaviour in regards to the clusters position and
shape. Although the number of PD sources is the same for the four levels of SNR, relying on
the T-F map solely will predict four PD sources in the original dataset and two PD sources
in the PD dataset with AWGN of SNR= 5 dB which is incorrect. Applying the proposed
model, however, on the noisy dataset on the other hand gives consistent results regardless
of the level of SNR for added AWGN. For illustration purposes, the presentation of the
proposed model for the PD dataset with AWGN of SNR=5 dB is shown in Fig. [6.10] where

four clusters/PD sources are still identified.
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Fig. 6.7: (a) T-F map of the PD signals captured at 11kV of the applied voltage when both
floating particles and corona source of PD are introduced to the setup; (b) Presentation of
the clusters based on the cosine similarity criteria the shows the ability to identify the four
sources of PD. The number of time-series waveforms is shown for each cluster.

6.3.3 Comparison with Traditional Machine Learning

Unsupervised learning seeks to find an underlying pattern in an unlabelled dataset and group
the latter according to what similarities the learning process concludes [140]. Hence, one
result of unsupervised learning is intended to be used for clustering purposes. Some of the

traditional unsupervised machine learning algorithms are: hierarchical clustering, k-means
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Fig. 6.8: A sample of a PD time-series waveform at different levels of signal-to-noise ratio
(SNR) of additive white Gaussian noise (AWGN).

clustering, anomaly detection, principle component analysis, and independent component
analysis. More information on these algorithms can be found in [141H145].

In this work, to demonstrate the performance of traditional methods, k-means and prin-
ciple component analysis (PCA) are used on the raw data (i.e. time-series PD waveforms).
K-means has a prerequisite of knowing the distribution of the clusters or the number of clus-
ters [105]. For the sake of predicting the number of clusters, the elbow method is used [146]
where the sum of squared error is used after running k-means for variable number of as-
sumed clusters. The PCA is also applied on the raw time-series waveforms and the first
three principle components are visualized in a 3D-plot. Using visual inspection, it is decided
how many clusters results in the 3D-plot.

The four cases where PD waveforms generated by each of the PD sources are tested using
the k-means and PCA methods and the number of clusters determined by these methods
is shown in Table [6.1} In this table, the expected number of clusters is the true value. In
addition, the energy preserved from the first three principle components is also reported,

which shows that most of the variance in the time-series waveforms is captured by the first
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Table 6.1: Number of clusters reported by traditional machine learning techniques of k-
means and PCA that shows they are not always succesful in correct determination of the
number of PD clusters.

Number of clusters

Elbow and Energy preserved
Expected PCA
k-means in the first 3 PCs
2 sources 2 2 3 98.4%
3 sources 3 3 1 96.6%
4 sources 4 3 2 93.0%

three principle components. The number of clusters predicted by either PCA or k-means

doesn’t reflect the true values accurately.

6.4 Summary

In this chapter, an unsupervised deep learning method based on convolutional autoencoder
and cosine similarity based clustering technique was proposed for predicting the number of
PD sources given unlabeled time-series waveforms. Lab measurements were performed on
generator stator bar to evaluate the performance of the proposed technique. Two common
PD sources that take place in generator windings, corona discharge and floating particles,
are introduced to the lab setup in addition to the inherent microvoids and surface discharges
resulting in four PD sources in total. The proposed model was compared with T-F map,
which is a commonly used tool in industry in order to monitor the PD in high voltage
insulation systems. The proposed unsupervised deep learning method was able to identify
the number of PD sources correctly that is confirmed by using the T-F maps. Further,

additive white Gaussian noise is added to the measured PD waveforms acquired when four
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sources of PD are present in the setup. The results show that while the performance of the
T-F map technique degrades with increasing the noise level and it doesn’t reflect the true

number of PD sources, the proposed model is immune to AWGN.
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6.4 Summary
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Fig. 6.9: T-F map for a dataset including four PD sources at 11 kV for various signal to
noise ratios (SNR) of additive white Gaussian noise. (a) original dataset; (b) SNR= 20 dB;

(c) SNR= 10 dB; (d) SNR= 5 dB.
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Fig. 6.10: Presentation of clusters based on the cosine similarity criteria for void, surface,
floating particle and corona PD sources in the presence of AWGN of SNR=5 dB where the
number of time-series waveforms is shown for each cluster.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

Electrical insulation systems play a major role in the safe, reliable operation of all electric
devices and apparatus and similar to other systems are prone to failure under operational
conditions. One factor for estimating such a failure is measuring and analysing partial dis-
charges. Insulation failure could be catastrophic especially when the operating voltage is
high. Operating under a high voltage or equivalently a high electric field, a specific insu-
lation system degrades faster, and as a result, small local breakdown/discharges take place
that are caused by the electrical field, leading to the deterioration of the insulation system.
This breakdown is called partial discharge (PD). Therefore, diagnosing a defective insula-
tion system by detecting the partial discharges and classifying the type of the defect in early
stages is important for having a reliable electric system. The thesis’s scope is developing
models and techniques within deep learning for PD classification application. As the models

discussed are data-driven models, it is crucial to highlight the importance of feeding contin-

- 121 -



Deep Learning for PD Classification 7.2 Future Work

uous updated PD data to the machine. The models proposed in this research were compared
with different traditional machine learning methods, where better performance was recorded
for the investigated problem settings.

A limitation of using the classification models without fine tuning is present. In addition,
knowing that the models were trained on data that represent particular PD sources, these
models will perform poorly when they are tested on data representing different PD sources.
A second limitation is linked to the use of the PLA 3D-printed samples. Changing the
conditions, whether it is the shape and size of the void or the dielectric material would
definitely be of interest to investigate in future work. The evolution of the CNN weights as
we vary the experimental conditions could shed light on the role of these changes in classifying
the void sizes. In addition, the post-hoc attention would be valuable in this analysis as well
where we can interpret as to which changes conditions contribute to the final decision of the
CNN. A third limitation is linked to the use of a specific detection PD system. If another
detection PD system is to be used, the pre-trained models can’t be used; therefore, the need
for re-training is necessary. The last limitation is linked to the change in the measurement
conditions (e.g. an added impedance). Re-training of the model is crucial as this affects the

intrinsic characteristic of the measured pulses/patterns.

7.2 Future Work

With the rapid evolving of deep learning algorithm, future work can focus on comparing
new deep learning algorithm with the already existing models. In addition, to overcome

the limitation present earlier, a potential future work is to collect data including more PD
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sources, where the models will have the ability to generalize over more scenarios when used
in a real-life setting.

While the proposed work related to the attention based model prove that that there
is a connection between the void size and the corresponding bandwidth of the associated
PD waveform, future work can be directed toward integrating the physics behind the PD
waveforms into the learning process. In addition, future work can be done in regards to
implementing a new visual map, which can take into consideration different learned filters
instead of the known equivalence time and equivalence frequency.

A future path for the unsupervised system include involving more PD sources. Transfer

learning can be implemented and explored.
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