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Abstract

Insulation breakdown is a key failure mode of high voltage (HV) equipment, with
progressive fat$ such as electrical treeing leading to potentially catastrophic failure.
Electrical treeing proceeds from defects in solid insulation, and cables are
particularly affectedResearch has shown that diagnosis of the fault can be achieved
based on partialischarge (PD) analysidNonethelessafter diagnosis of a defect,
engineers need to know how long they have to take action. This requires prognosis of
remaining insulation life.

The progression of a defect is far less well understood than diagnosis,gmakin
prognosis a key challenge requiring new approaches to defect modéiheg.
practical deployment of prognostics for cable monitoring is not currently feasible,
due to the lack of understanding of degradation mechanisms and limited data relating
defect irception to plant failure. However, this thesis advances the academic state of
the art, with an eye towards practical deployment in the future. The expected
beneficiaries of this work are therefore researchers in the field of HV condition
monitoring in geneal, and electrical treeing within cables in particular.

This research work devels@ prognostic model of insulation failure due to the
electrical treeing phenomenon by utilising the associated PD faata previous
experiment Both phaseresolved and pulse sequence approaales employed for

PD features extractiofhe performance of the PD features as prognostic parameters
were evaluated using three metriaspnotonicity prognosability and trendability.

The analysis revealed th&eatures from pulse sequence approash better than
phaseresolved approach in terms of monotonicity and prognosabilihe key
contributions to knowledge of this work are thfell: the selection of the most
appropriate prognostic parameter for Pelectrical trees, through thorough analysis
of the behaviour of a number of candidate parameters; a prognostic modelling
approach for this parameter based on cfittiag; and a generalised framework for
prognostic modelling usg datadriven techniques
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Chapter 1

Introduction

1.1 Research Background

A significant proportion of high voltage equipment in power networks is reaching or
exceeding its anticipated design lif&]i[3]. It is a big challenge for network
providers to manage these ageing assets effectively without compromising the
availability and reliability of the netark. The performance of these assets is
expected to deteriorate and the consequences of equipment failure can be
catastrophic. The associated cost of failure is not only for repair or replacement but

also the loss of customer revenue.

The need to balan@sset availability and cost effectiveness is becoming increasingly
important inpower network industries.réviders are coming to realise the potential
wastefulness of scheduled (tirhased) maintenance that may not accurately reflect
the usage of the ags¢hus resulting in unnecessary maintengd¢eThe transition
between scheduled maintenance to conditiased maintenance (CBM) is
accelerating5]. CBM provides a more cosdffective service as well as the capability
to predict and prevent failures through health monitoringgraiatics and fault

prognosticsthe process has been outlined in ISO 55602

Unlike scheduled maintenance, the aim of CBM is to predict the upcoming failure so

maintenance can be proactively scheduled when it is ndéflethe diagnosis and



prognosis of a failure are performed evh certain indicators show signs of
decreasing or anomalies are detected. An advanced prognostic capability is desired
because the ability to forecast this future condition enables a higher level of

conditionbased maintenance for optimally managing tifiaicycle cost.

The major cause of failure of high voltage (HV) equipment comes mostly from the
insulation systenfl]. This could be the consequencesh# insulatiordeterioration

or due to insulation defects introduced during manufacturing process or maintenance
routines. Over the years, a number of methods have been developed to diagnose and
monitor the degradation of the insulation system. Among thgartjal discharge

(PD) analysis is a weliccepted indicator of the degradation of electrical insulation,

permitting early detection of insulation faul&1 [11].

The insulating capability of various insulating materials is influenced by many
factors. Physical, chemical, and electrisalessesontribute to the detmration of

the insulating materials. The formation of electrical treeing is one of the main causes
of insulation degradation under high electric st{@®3. Electrical trees progress by
periodic PDs after initiating at a point of high divergent stjds§. Hence, PD
measurement has long been associated with electrical treeing for defédiion
determining the type of electrical tree (e.g. branch or bl$j)and classifying the
growth stagg16], [17].

The increased integration of renewable and distributed generation has challenged
asset management, particularly in tolergpower quality issues due to a steady rise

in the number of power electronic devices. The gradual change in working
environment results in a different ageing mechanism of the insulation sj&ftem
Previous work at the University of Manchester aactdd experimental studies to
investigate the effect of harmonics (one type of power quality issue) on electrical tree
in terms of tree size, time to breakdown and piraselved partial discharge (PRPD)
pattern[18]. The corresponding results are as follows:

1 No changes were detected in electrical tree growth characteristics due to
variation of harmonic orderwaveshape factorKs and total harmonic

distortion (THD) in the excitatiomoltage at 14.4 kV constant peak.



1 The variation in breakdown trends did not reveal a deterministic relationship
with THD andKG.

1 The composite waveforms influenced the partial discharge pattern produced.

The results showhat harmonics do not give a very mfijcant impact to the
electrical growth procesd.owards an advanced CBM, the same electrical treeing
data reported in18] has been utilised and analysed in this thesis for further

investigation into the prognosis of solid insulation lifetime.

1.2 Justification for Research

Electrical treeing is one of the main degradation mechanisinglinvoltagecables

[12], [19] that is strongly related to the existence of defects in the insulation, such as
cavities, conducting particles and protrusions from the electrodes. These defects,
either developed during manufacturing or assembly, promote the inception of PD
that may trigger the initiation of electrical treeing and grow into hollow channels
towards the opposite electrode which can lead to breakdown. As it is closely linked
with insulation breakdown, many researchers have investigated the morphology of
electrial trees towarslbreakdown and some of them have extended their work to the

development of life models.

It was mentioned if20]i[22] that the extension ofelectrical treag is due to
electrical discharge awity insidethe tree tubuleddence, the electrical tree growth
is usually studied along with the PD activitidhe available models that relate PD
mechanisms with the tree morphology can be either phigaissd20]i [24] or data
driven[25] or the combination of both approach26]. Life models in25] and[26]
proposed themean of PD magnitud@er cycle (for every 20 secondsay the
prognostic parameter although skewness and kub$t® magnitude per cyckdso
show a monotonic trend if25]. The selection of the prognostic parameter was
unclear, lhus, a set of metrics should be proposed to characterise fdetaees,

aiding in the selection of thmost appropriatéeature.



Most of the developed models for electrical treeing are physsised, and relate the

tree growth with the activity of the discharges within the tre@6i, the breakdown

is expected to occur when the tip reaches the ground(plegative electrodeplso,

the simulated tree growth {20]i [22] only considers the forward growth (ttree
propagtes from the inception point to the ground electrodib)s assumption may

be misleading due to the existence of a return the¢ has beermbserved and
discussed very briefly if27]i [29]. This means, mimmediate breakdown may not
occur when the original tree traverses the insulation gap since the tree may continue

to grow from the ground electrode to the start point of the tree.

Literature describing the physics tife return tree is scarce and the reason for its
existence remains uncledarherefore, a datdriven approach is considered in this
thesis since not mucéffort has been applied to madlileg the return tree. Most of

the published datdriven approaches utilise Weibull analysis of timee-to-failure
(TTF) data. This approach lacks information on the degradation process.
Alternatively, this research work agno investigate the degradation behaviour of the

selected PD feature and develop a prognostic model based on its characteristics.

Also, this thesis incorporates the effect of harmonics on the behaviour of the selected
PD feature Little work has been repted on the effect of harmonics on electrical
treeing growth. The findings ifl8] did not reveal a deterministic relationship
between THD and breakdown time. In contrast, a stud@Oj has reported that
harmonics with higher THDs could accelerate the tree growth resulting in early
insulation failure. These contradictory findings may be due to the corstaikt
voltage used if18]. This work therefore, aims to identify any distinct behaviour of

the selected PD feature for different THD and harmonic orders.



1.3

Principal Contributions

Thisresearch provides the following contributions to knowledge:

T

Selection of themost appropriat@rognostic parameter from analysed PD
features through the application of a set of metrics introducg&il]rwhich
characterise the suitability of a prognostic parameter.

Relatedly but distinctly, identification of the characteristics of the selected
prognostic parameter that correspond to the electrical tree growth. Three
stages have been identified ath@ selected prognostic parameter shows a

unique characteristic in distinguishing the stages.

Identification of no deterministic behaviour of the selected PD feature for

different THD, Ks and harmonic orders.

Proposal of a generalised prognostic framevspé&cifically for datadriven

techniquesvhere he stepby-step procedure is described in this thesis.

Proposal of an algorithm to improve the curve fitting approach for

predicting the failure time in the scope of the studied samples.

Confirmation of the accurate and robugperformance of the proposed
prognostic algorithm. Tik analysis is based on the availability of the input
dat a, i n  whi c perfotmareds pvaleatbd. dHe iaccurat)s is
based on the error of the predictions while the robsstieeexpressed as the
convergence of the predictions, measuring how fast the predicted

breakdown timeonverges tan approximately correct prediction.



1.4 Thesis Overview

This chapter has highlighted the maintenance issues in the current power network
industry that motivates this research work, as well as giving the outline of the thesis

and the contributions.

The next two chapters provide the background information feréisearch. Chapter

2 describes theolid insulation degradationfocusing on electrical treeing icable
application The key literature on partial discharge analyisisidentified. The
influence of harmonics on partial discharge activity, electrical gemvth and
insulation life is given. The previous work in life prediction using electrical treeing
or PD datas reviewed. Chapter 3 proceeds with the identification of techniques for

feature selectiormodel fitting,sample validation and algorithm pemfeance.

The prognostic model is developed in the next two chapters, which are the main
contributions for this work. Chapter 4 details the process of identifying the
prognostic indicators usinghaseresolved partial discharge analy$PBRPDA)and

pulse segence analysi§PSA) The developed prognostic model is described in
Chapter 5 with the aim of predicting the failure time of the treeing samples. The
model is validated using the holdout anébll cross validation technique while the

performance of the adel is evaluated in the aspects of accuracy and convergence.

Finally, Chapter 6 concludes and summarises the main points of this thesis, as well
as identifying areas of future work, which could benefit and advance the developed
model described in this this.
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Chapter 2

Solid Insulation Degradation

2.1 Solid Polymeric Materials

Materials are commonly classified as metals, ceramics, and polyB®rs[33].
Ceramic insulators were first used in power transmisaulications around 1880
before natural and later synthetic polymers took the place due tdigimiveight,
hydrophobic, ease of handling, reduced cost and improved contamination
performancg34], [35]. The evolution of solid polymeric insulation in high voltage

applications has been discussed comprehensivé®g]n[37].

Generally, polymers can be divided into three types: thermoplastics, thermosets and
elastomers. Thermoplastics are polymers that will melt when heat is applied and
reform (harden) when cooled while thersets on the other hand, have no melting
point and are formed througin irreversible chemical reaction often referred to as
polymerisationor curing [32]. Polyethylene (PE) was the first (1960) thermoplastic
used inHV cables, replacing eimpregnated paper insulated cables, before the
thermoset version of PE, crosslinked polyethylene (XLPE), was introduced in 1963.
XLPE brought improvements in mechanical and thermal properties and also an
increased resistance to tneg[37]. However, the high melting point of XLPE raises
environmental concerns around XLPE recycling technologi@8]. Lasty,
elagomers are soft and compliant polymers that are able to experience large and

reversible deformations. Since elastomers have lower -Bnkssdensity than



thermoset materials, they can be made to function as elastomers above their glass
transition temperates e.g. natural rubber, ethylene propylene rubber (EPR) and
silicone rubber (SiR]33].

Improvement on the performance of dielectric materials can be achieved through
material composition, i.@ mixture of two or more dielectric materials. Although the
use of composite dielectrics have been practiced before the introduction of polymers
e.g. oil-impregnated paper cable, nowadays, the technology has evolved to the
nanocomposites with superior thermalectrical and mechanical properties that

elevate commodity plastics to engineering plaggés, [40].

This research aims to study the electrical treeing characteristic in epoxy resin
material and correlate it with the corresponding partial discharge measurements for
the development of degradationmodel. Epoxy resin is a thermoset polymer thus
requring a hardener as the curing agg38]. Epoxy resins have excellent electrical
insulation properties as well as high thermal resistaineece they are mostly used

for casting and moulding in high voltage applications, for example in bushings, cable
accessories, instrument transformers andiggdated substation (GIS) spacgtd],

[42]. The transparency of the epoxy resin permits adestructive approach for tree
growth monitoring, aidig the invesgation of this research work.

2.2 Ageing Phenomenon

Solid insulating materials hold an important role in electrical equipment although
sometimes with a combination of liquid (pajm) and gaseous insulations (gas
insulated) especially when operating at very high vol{dg¢ During their service

life, the insulaibn systems are subjected to ageing mechanisms thus suffering from
degradation and deterioration. Many pagdédi [48] have defined insulation ageing

in accordance with the earligrternational Electrotechnical Commissif&C) [49]

and Institute of Electrical and Electronics EnginedisHE) [50] standards 1 . e . i ar
i rreversible del eterious change t o t he

addition, a morespecific definition can be found [®1] which defines ageing as the



nreflection of changes of a material 6s
with time while exposed to a variety of

The ageing facrs can be either individual or a combination stfess factors.
Thermal, electrical, environmental (or ambient) and mechanical (TEAM) stresses are
classified as intrinsic ageing ifi12], [50]. The extrinsic ageing on the other Han
refers to physicabf the material itself i.e. contaminants, defects, protrusions and
voids, [50] that are unintentionally introduced during material processing,

transportation, installation, or in servige].

In practice, the multifactor ageing is more realistic than the individual stress. The
synergy effect when two or more stresses are present or applied can be either direct
or indirect interactiorj44], [45], [53] The former results in a different effect when

the stresses are applied simultaneously compared with sequentially applied,stresse
while in the latter the order makes no difference. Temperature and voltage stresses
are regarded to happen simultaneously resulting in direct interaction that causes a
faster degradation than individual applied str§s4]i[56]. Adding more stress
factors e. g. vi bration (mechanical) st

lifetime more, however, the ageing rate is¢bacern of research [67], [58].

All of the previous examples are considered as bulk degradation processes or
macroscopic approaches which can aid the study oftknmg life prediction59]. In
contrast, the microscopic approach concentrates on a local area of a whole insulation

system, . partial discharge and electrical treeing.

This research work aims to correlate the growth of electrical treeing with the
corresponding PD data. Thextrinsic ageing factors usually result in localised
modifications in material structure. Interactiortiween physical and electrical
ageing factors yieklfour ageing mechanisms i.e. space charge, partial discharge,
water treeing and electrical treeing. Electrical treeing is often regarded as the final
stage in electrical ageing resulting from either padischarge or water treeif@o0],

[61]. Space charge could influence partial dischargeiicthrough alteration of the

local electric field thus affecting the electrical treeing indirectly.
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2.3 Space Charge

Space charge can be defined as excessive charges that accumulate in the bulk of the
dielectrics, at the interfaces between conductors anectties, or at the interfaces
between different dielectric materigl2], [63]. Space charge occurs when the rate

of charge accumulation differs from the rate of charge leaving the insul@h@ns

mostly associated with mdbiand trapped charges, which can be explained in terms

of electrons, holes and ions, depending upon the mechanism of charge {jsfer

During the application of an electric fieldharges are injecteitito the insulating
materialby the electrodef65]. However, due tdahe existence of trgng sites in
polymer, most of the charges may be localised and not contribute to the current flow
[66]. Most of them are trapped in shallow traps compared to deep[@&Zpsvhere

the former are due to physical defe(sgy. void)while the latter are due to chemical
defects or/and impuritigé7]. These trapped charges aetledspacecharges.

In alternating current (AC) applications, detrapping and recombination between
mobile injected charges with trapped charges of opposite polarity may occur in the
shallow traps during the reverse hejicle [65]. Over a period of time, the residual

of the trapped charges or space charges may move progressively to deeardiraps
modify the localised electric field around the pay siteg62]. Such field distdion

can be significant. The enhanced electric field that is beyond the design electric field
strength can increase the local conductivity and potentially accelerate the degradation
of the dielectric material, and even lead to breakd[&&ih [68].

In comparison to direct current (DGpace charge tends to be less of an issue under
AC excitation, andhence attracts less research attenf@®). Findingsin [70], [71]
showthat onlya small amount of space chargeaccumulatedunder AC electric
fields, and the amount was significantly uedd under high frequency conditioid.

high frequencies, the very short duration of polarity change limits the accumulated
amount of space chargelg2]. Nevertheless research in[72], [73] found
contradicbry results It is suggestedn [72] that different material of electrode dcn
insulabr could be a factor contributing to the inconsistency in the literalgace

11



the role of space charge under AC fields cannot be completely ignored. The effect of
space charge in PD initiation is vital since PD can lead to electrical traethg

eventually breakdown of the insulation.

The presence of space charge has also been associated with the occurrence of
electroluminescence (EL) prior to partial discharge inceptiinis a phenomenon

that occur when an insulating material emits lightesponse toecombination of

chage carriers of both polaritigg4], while the remaining trapped charges becoming
space charges. The same process is repeated for every cycle of the AC voltage
resulting in the light emigsn of EL and a polarity reversal of the space charge. EL
does not contribute to damage formattmut it can be an indicator whereby charge
injection may lead to deterioration of the polymeric structi®. Hence, 1 is
suggested if67] that the EL technique is a valuable tool to evaluate the dielectric

properties of novel insulating maitas, such as nanodielectrics.

2.4 Partial Discharge

IEC 60270 definePDas fia | ocali zed el ect r iridgesl di sc
the insulation between conductors and which may or may not occur adjacent to a

c o n d u[@g]. ®Dsothat normally happen at defect sites, such as voids, cavities,
contaminants, and cracks, are referred to as internal discharges while PDs in between

the edges of a conductor and the surfacesilation are called surface discharges

[76]. Both discharges can cause progressive degradatitdre insulationthrough

electrial treeingandtrackingphenomenomespectively

In the case of epoxy resins, the curing process may forfillgaiscavities within the
insulation which can be either due to air leaking into the epoxy mould, or due to
insufficient pressure on the epoxyguid [77]. Early investigations revealed that PD
characteristics are affected by the shape, size and location of defects and by the
thickness and type of insulatig6]. The defects can affect insulatiperformance

in the long term buhot an immediatéreakdownHence, PD is an indicator of the

presence of defecta an insulating system.
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Partial discharge and space charge are closely related. The trapped charges within a
material may consist of space charges and charges deposited by earlier PD events
which serve as initiatory electrons. Therefore, the PD itselfadt®as a source of
charge injection into the dielectric. The presence of these charges gives rise to the
local electric field enhancement, thus lowering the PD inception voltage (PDIV) that

Is the lowest voltage which must be applied to initiate PD salation[76]. When

voltage is reduced, the voltage at which PD ceases is called the PD extinction voltage
(PDEV) [76]. During the discharge process, a portion of the discharge is trapped in
the cavity surface and some migrates deeper into the dielectric. It was mentioned in
[78] that a later stage of the degradation process deposits a ibdiyct i.e.

crystals where the ignition of PD occurs at the crystal tips.

A gereral approacHor an automated PD classification is giver{i8] as shown in
Figure2-1. The first stage of the system is the measurement of PD including sensors,
data acquisition and preprocessing, mainly for detecting the PD signals. In the latter
stage of PD measurent, the captured signal is digitised and purified through
denoising. The next stage is the representation of PDs either in the form of phase
resolved, timeesolved or pulse sequence. At this stage, classification of PD defects
is possible but with lowauracy (i.e. the pattern might be classified to more than
one potential defect). A more accurate classification can be achieved through feature
extraction by identifying possible descriptors for different aspects of the discharge
pattern. The defect claéisation is made by comparing the extracted features with a
defect database thiat mainly generated from the knowledge of the experts.

Measurement

Discharge
Pattern

Feature
Extraction

[ Database ]—-[ Classification

| Decision

Figure 2-1. A general approach for PD classificatiigi®]
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2.4.1 PD Detection

PD monitoring allows the observation of trends in PD activity for failure diagnosis
and prognosis of high voltage plant. The presence of PD may indicate a need for
maintenance and as such is important information for the asset manager. PDs are
often accompanied by emissions of sound, light, heat and chemical reactions thus
there are various methods to detect the presence $fFDThis includes electrical,

acoustic, thermal, chemical and ultrigh frequency (UHF) monitoring.

Guidelines for electrical detection for PD measurement are availaltleeinEC

60270 standard, depicting the maturity of the technj@gg The original PD current

pulses are characterised by a very short duration (nanoseconds) thus it is not easy to
capture the shape of such pulses. Therefore, the ctimenintegral (charge of the
captured PD pulses) is measunestead of the peak value of the PD current pulses,
giving the apparent charge levels in picocoulombs (pC), which is obtained from the

transient voltage drop across the test object term|@@]s

IEC 60270 recommends three basic measuring circuits which differ by the
arrangement of the measuring impedangg,[75]. Figure 2-2 shows the most
common circuit employed in practice whedg andthe coupling capacitoiCy, are
connected in parallelith the test object,C,. During PD occurrence, the voltage
acrossC, deaeasesmomentarilydue to the voltage drop across the HV source
impedanceZ,. As a resulta transient current flows through, allowingvoltage to

be measured across A measuringinstrument i) is then used to ideify the
apparent charge from tweltagechange The scale factoof these two parameters is
determinedhrough a calibration procedubs repetitively injectinga short duration

current pulse of known charge magnituat® the terminals of the test object.

This conventional method reges a controlled environment hence not suitable
for onsite PD measurementhe electromagnetic interferenand electrical noise
produced during the operation of HV equipment reads to false detection of PD
[81]. In cable systems) distortion of PD pulses occurs ey propagate away from
the PDsource[82]. It is a challenge to avoid thettenuation and dispersion of the

signal that affect the measurement of PD.

14
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Figure 2-2. Most common PD measuring circuit recommended in IEC 60&3]0

The UHF method is an alternative with an improseghatto-noise &/N) ratio. This

method was first introduced for gasulated switchgear and then was applied to
power transformerg84] and cable terminations (dime) [85] for identification of

defect type and location. The main advantage of this methibsl ability to identify

the | ocation of the PD by wusi-ofg !l maht o pl
technique (measuring the time difference for the PD signal to reach each of the
sensors)84]. These ensors are placed to surround the PD source, and PD can be
detected by measuring electromagnetic emissions originating from transient currents
of PD in the 5081500 MHz range. The generated UHF signal is detected by the
coupler that produces an output e tform of an oscillatory voltage signal. In most
circumstances, the magnitude of the UHF signal was found to be dependent on the
current pulse magnitude thus can be represented as the equivalent PD magnitude
[86].

In comparison to UHFensors, acoustic emission (AE) sensors are cost effective,
simple, easy to install and are insusceptible to external electrical and electromagnetic
interference[87]. The basic principle of this method is the detection of the
mechanical energy wave that propagates from the discharge site through the
insulation. Howeve the application of this method is limited duetlte complicated
nature of the acoustic propagation pathwdyse attenuation of thacoustic wave is

high thus requires an appropriate level of sensiti{88j. The guidelines for both

UHF and AE methods are available in the I&Z278 standarfB9].

Finally, chemical detectionis the exploitation of the changes in chemical
composition due to PD activities, and is mostly used in GIS and power transformers

rather than power cablg88]. Dissolve gas analysis (DGA) and high performance

15



liquid chromatography (HPLC) ardne common methods for this approaBliGA
qguantifies the composition levels of different gases in insulation due to
decomposition of the material when subjected to thermal and electrical s{Bf§ses
HPLC on the other handneasures théy-products(e.g. glucose) instead of the
dissolved gassesA common drawback rated toboth methodsis the lack of

information on the nature, intensity, and location of[B§].

2.4.2 PD Data Representation

The PDdatacan be represented in either phessolved or timagesolved formatThe

most common approach has traditionally been through the PRPD representation in
which the variation of PD pulses (either imagnitude or repetition rate) is often
represented by statistical quantitigsl]i [94]. Later in 199006s,
interpretation of PD phenomena was introduced in Bf#oacH95]. PSA examines

the relationsip between two consecutive PD pulses, which relates to the physical

processes occurring within the localised degradation region.

2.4.2.1 PhaseResolved

Phaseresolved PD data are acquired based on the phase angle of the AC test voltage
waveform. For electrical detBon, three basic quantities of the PD pulse are
quantified at the measurement stage over a predetermined time duration: phase angle
occurrencee , charge,q andvoltage cycle occurrenc@. The presentation of this
datais commonly known as 1 gi n or PRPD patterns. The UHF detection method on

the other hand, quantifies the output voltage from the UHF coupler instead of

discharge magnitude.

Figure 2-3a andFigure 2-3b illustrate the PRPD pattern from electrical and UHF
detection respeively for different PD source3.he gatter plot n Figure2-3a shows
the distribution ofapparent chargeg, on « hunrevealing theinformation of n.
Alternatively, the threglimensional (3D) ploin Figure2-3b allows the observation
of relative amplitude of PD pulselftained from the yse capired by the UHF
sensoyone andn. This plotdisplays the PD activitin 50 cycle burstsvhich is the

total data in 1 secorehd is usedor data interpretatioff6].
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Figure 2-3. Example of PRPD pattern in (a) tvexxes and (b) threaxes from different PD

sources

Special terms have been used to describe the PRPD pattern and relate them to the
nature of PD.Figure 2-4 shows the typical PRPD pattern of internal discharges.
Observation othe PRPD patterof a test sample with void reveals a transition @t

A t u-likeolpatern(described by the flat top shapekigure 2-4a) intoafi r ab b i t
ear 0 | i (kigherplischarge magnitude at the earlier phase as shdwguire

2-4b) [97]. This canbe disciminated from electrical treeing that has a righgled
triangle shaigeoompative Rigure a-4c [98],h[)w Thesé n
descriptions are considered in the feature extraction stage for more accurate and
detailed diagnosis of the PD defects.
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Figure 2-4. Description of PRPD pattef@7]: (a) ATurtl ed Il-eakredo patt e
i ke pattern, and (c) AWingo |i ke
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Before extracting possible features frofri gin pattern, three differentwo-
dimensional 2D) phase distribution graphs are constructed1i®0] as shown in
Figure 2-5. This requires a pdetemined phasewindow which dependon the
intensity ofthe PD data Dividing one full cycle (360 into phase windowgivesa
number of phase bucketéll the PD pulses within eacphasebucket are then
represented by three quantitifse maximumcharge Hqm, the averagecharge, Hgp,
and thenumber of chargeH,. Plotting thesequantitiesonto phase values allows

various statistical featurés beextracted in order to characterise the defect type.

40
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. IMI |“III
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o]

Hgn (PC)

o]

Figure 2-5. 2D examples oPD maximum pulse heightlyy, PD pulse countd, andPD

meanpulse heightHg, [101]

2.4.2.2 Time-Resolved

Recently, the high frequency current transformer (HFCT) has been widely used as an
online PD detector in power cables for PD identification and discriminating
interference[102], [103] The HFCT detects the original PD pulsé&h the pulse
shapeas represented in tinresolved formatas $iown in Figure 2-6 with the

following parameterf§l04]:

1 Pulse rise timep : time required to rise from 10% to 90% levels of the peak
value.

1 Pulse decay tima) : time required to decay from 90% to 10% levels of the

peak value.

18



1 Pulse width© : time interval between 50% levels on both sides of #gakp

value.

Peak |----
0.9Peak

0.5Peak [-f-i-------

Amplitude (V)

0.1Peak pi---i-"

Time (ns)

Figure 2-6. Typical parameters describing the shape of an ideal PD [1@i$¢

Previous reseah has revealed the direct relationship between the physics of the PD
defect and the shape of the sigf03], [105] This is due to the difference in PD
pulse signal when generated by different PD sources. Not only that, this approach
requires a less expensive measurement system compared to-rggased
measurements. However, a distorted signal maybe expected especially for a long
cable that increases the travel path between the PD site and the terminals of the test
object[80].

2.4.2.3 Pulse Sequence

Pulse sequence analysis (PSA) treats PD pulses as events within ecasedien
rationale behind this approach is that the history and condition of a sample, including
recentdischarge events, influence the ignition and nature of the next discharge pulse
[96]. In particular, key governing parameters of each discharge are the local electric
field andits change from the last pulse, which are both dependent on the voltage
difference between consecutive pulses. The voltage differences do not occur at
random but in specific sequenad®racterising the discharge processes in the defect,

at least in partuke to the builelp of space charg¢gs6].

Figure 2-7 shows the basic principle of the PSA approach, where the solid circles
representhreePD pulses within the referencgate numbered as 1, 2 and Bhree

parameters were introduced [@6] for representing the changes in consecutive PD

19



pulses: the instantaneous voltage,the voltage differencedu and the voltage
derivativewith respect to timedu/dt. Consideringconsecutive®D pulsef 1 and2,
du and dt of pulsel can be determinedsing equations-2 and 22 wheren = 1.

Both equations can then be used to calculafet.

du, = U, -y, (2-1)

(2-2)

i

dr, dt,

Figure 2-7. Basic principle of PSA95]

The threeparameters are commonly presented in a scatter graph with consideration
of the previous(x-axis) and current \-axis) PD pulses. Several papers have used
these plots to identify the nature of the H®6], [106], [107] For exanple,
consecutive PDsfrom surface discharge form six clusters in theplot of Figure

2-8a while PDs from a void have an extra two clusters giving eight clusters all

together inFigure2-8b [106].

2 2
S e S
- il
= NI % 2
s O . * - 0
S _ <
I 2 i
du n-1 (kV) du n-1 (kV)
(a) (b)

Figure 2-8. Example ofdu plots considering consecutive PD pulses resulting from (a)
surface discharge and (b) vgiD6]
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Alternatively, the PSA parameters are presented as a histogram wofirtiieer of
occurrence. Investigation [408] found that occurrence alu in electrical treeing is
concentrated in four characteristic values as can be séagure2-9a which can be
considered as a systematic shift. As a comparison, surface discharge yields only three
values ofdu as shown inFigure 2-9b. This norsymmetric behaviour is due to

different PD magnitudes in the positive and negative half cycles.

400 T T T 800 T 1

200w & rimse — 400

Frequency of occurrence
Frequency of occurrence

—0200 0 200
du (kV) du (kV)
(a) (b)

Figure 2-9. Example of accumulatedl plots resulting from (a) electrical treeing and (b)
surface dischargd.08]

2.4.3 PD Feature Extraction

Different PD sources result in their own PD pattern due to the geometry, location in
insulation, dielectric properties and applied electric fi|fl89]. The unique PD
characteristics are commonly described in gohinformative features bgxperts,

that is, what they believe are the important variables to build a modelditioado
feature extraction, theurse of dimensionalitgan be a problem due to the large
number of variable§l10]. As the number of features increases, dheunt of data
needed to support the resgiows exponentiallyHence, feature selection or feature
reduction is required to discard the irrelevant or-imdarmative features. The
technigues are mostly generic and not limited to PD data, thus will be discussed in
the next chapter. In this research work, the avail&iedata is in phasessolved
format, therefore, only features of the phassolved pattern will be discussed here.
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2.4.3.1 Statistical Parameters

The effort to improve the interpretation of PD data for diagnosis was initiated by
Gulski with the implementation atatistical parameters for correlating PRPD pattern
with the type of defec{91]. The statistical variation can be observed either in
magnitude or in the pha®# both positive and negative half cycles of the 2D phase

distributions mentioned previously in Sectiod.4.2.1 Thus, the three 2D

distributionsas shown inFigure2-5 can now be expanded and expressetﬂga,é/ ),

Hinl), Ha0/), Ho(), Hi (/) and H, (/) where the positive cycle ranges from

0 to 180 while the negative cyclerangesfrom 180 to 360. The correlation
between positive and negative half cyclesswstudied in[91] using the features in
equations2-3 to 2-6. As a final feature, the correlation factor in equatié is

modified as in equatio®-7 to include the symmaeatral measurement of discharge.

1 Discharge symmetryQs

Ng
é qi_ /Nq
Qs — =1

% (2-3)
i=1

whereq” andg’ are the discharges in the negative and positive half cycle
respectively while N, and Nq+ are the number of discharges in the

negative and positive half cycle respectively. Discharge symmetry examines
the magnitude variation over the two phases and checks which of the two
half cycles is experiencing the greatnagnitude.

1 Phase inception symmetty,

I

— Jinc
Fo=e 24

/'i;c

where / .. and / i;C are the phase inceptian the negative and positive

half cyclerespectivelyandi is the index number of the phase inceptibine

initial pulse of PD activity in each half cycle infers the phase inception.
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Phase inception symmetry compares the position of the initial PD pulses

between half cycled-or the positive h# cycle, the value ofi . is the same

inc

asji;C thus ranges fromi to 180. This range also applies 1ijomcin the

negative half cyclevhich can be determineasing equation -5.
i =j., 4180,7 180 J.< 36( (2-5)

The phase inception is symmetry whi;‘n equals toi/.f giving F = 1.

inc

Hence, the nearér is to 1, the more symmetrical the phase inception.

M Crosscorrelationfactor, cc

N8 xy- Ax &
Jguax-(ad o & { 4

CC=

(2-6)

wherex is the discharge in the positive half cyglds the discharge in the
negative half cycle andll, is the number of phase buckets per half cycle.
The discharge can be eithBlgm Hgn, Or Hn. This measurand is used

evaluate the difference in shape of the positive and negative half cycle.

Finally, the ccis modified to include the discharge and phase asymmetry fa@tors,

andF, as represented in equatiiT.
1 Modified cross correlation factomcc
mcc=F .Q.cc (2-7)
The evaluation of the 2D PRPD shape with respect to a Normal distribution is
performed using skewness and kurtosis in equafeland2-11 respectively, with

the mean andtandard deviatiofirst computed using equatio2s8 and2-9 wherex;

is a discrete value aridlis the number of the discrete values.
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1T Meanu

m=-8 X (2-8)

M Standard deviatiqrs

(2-9)

1 SkewnessSk

1 0
Sk= g7 (x m (210

The skewness describes the symmetry of the 2D distributions. Positive
skewness indicates that the distribution is asymmetriche left while
negative skewness indicates asymmetric to the right. Zero skewness

represents a symmetric distribution.

1 Kurtosis,Ku

e1 N 4 @
e i=1 u

The kurtosis describes th&harpness of the distributions. Zero kurtosis

indicates a Normal distribution, positive for sharp distribution and negative

for flat distribution.

By taking the skewness as an example, the PD from a cavity with and without
electrical treeing yields a pos# and negative skewness respectivaly91] thus

could be a reference feature for PD diagnosis.

2.4.3.2 Waveshape Descriptors

Strachan andRuddet al.[92], [98]have i mproved on Gul ski 6s
more features of the PRPD pattern, not limited to the statistical features. These key

features highlight the underlying physics occurring at the site of the discharge and
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could only be identified byxperts based on their experience. Therefore, research in
[92], [93] has interviewed experts in order to construct the expertise model.

The hierarchical model of the identified features for PD diagnosis is shakvigure
2-10. This model includes all the possible features that have been highlighted by the
experts as important features of the PRPD pattern, along with their subcategories.

These features are calleésgriptors, where the asterisk (*) indicates that derived

features were ori @ilthally from Gul ski &s
(- Peaks B
- = Zeros
—[ Phase position ]— . In-between
\_~ Random y.
(. Large A
—[ *Magnitude ]— = Medium
\_* Small )
(. Knife blade )
l - I = Choppedsine
Shape * Rectangularbox
\_" Podium y
- . . (. Symmetrical ]
Phase inception symmetry ]—L . Asymmetrical
(+ Positive half> negative A
*Magnitude symmetry ]— = Positive half < negative
= Positive half=negative )
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=  Symmetrical A
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Figure 2-10. Descriptor hierarchy for PRPD pattdfri 2]
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Not all the twelve descriprs are used to classify each of the defects. Different PD
defects may be described with the same descriptors but at least one descriptor will
differentiate the PD defect characteristics. For example, rolling and bouncing particle
are described by phasegition, shape, phase range and density. Both defects fall in
the same subcategories for the first three descriptors. Thus, only the feature of the
density descriptor distinguishes the two defects.

2.4.3.3 Weibull Parameters

Weibull analysis was originally applied to sample failure data to derive a
mathematical model for the lifetime distribution of the sanjpl8]. Equation2-12
indicates the twgoarameter Weibull distribution that has been applied for the
insulation life model irf114]. The two parameters ageand 6 which determine the

scale and the shape of the distribution respectively.

Alternatively, a number of researcpublicatiors [115]i[118] have applied the
Weibull distribution to PD data by replacing the failure titni@, equation2-12, with

the discharge pulse height (discharge magnitugle)yielding the probability
distribution of PD pulse rat&,(q) instead of probability of failuré(t) as can be seen
in equation2-13. It is shown in[117] that the different discharge sources can be
identified through theb and the identification holds em when two sources are
applied simultaneouslj115], [117] For the latter case, a famrameter Weibull
function has been found to permit the separation of PD solirt&§ [117]but will

not be discussed further here. The finding[it8] however, shows that gives
better identification thaw using the summation and the ratio ain bath positive

and negative half cycles i.a" + a anda'/a.

F(t) =1 -expgé E (2-12)
PN
F(g) =1 expg 2 li (2-13)
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2.4.3.4 Image Processing Tools

The statistical analysis discussed previously was mainly applied to the 2D PRPD
pattern while the Weibull analysis only needs a single parameter. To fully utilise the
threee i gi n parameters of PRPD pattern, the 3D plot is regarded as an image on
which image processinglgorithms can be used to extract the distinguishing features.

A literature survey if104] has given three image processing approaches that have
been applied to the PRPD data. The first two have been used to extract features from
the 3D pattern, and the last approach is an image decomposition technique to

separate the individual PD pattern franmulti-defect PD pattern.

The first approach is the texture analysis algorithm pmemarily investigates the
grey level variation in images. The basic principle is to divide the imagévinddN
resolution pixels. Originally, the description of an ireag based on the grey level
values of the pixels. In order to apply the texture analysis algorithm for PD feature
extraction, the grey level values were replaced by the pulse magnitudbereas

the M and N are represented by the phase divisions and viage cycles
respectively. Examples of potential PRPD image features report¢til®} are
homogeneity, heterogeneity, local variation, local similarity and average value of
image grey level. For PD source identification, each image feature is extracted from
each of the tested PD defects at different levels of the voltade. ¢yeatures with

high and constant variance for each tested voltage cycle would be selected for PD

classification.

The complex nature of the 3D PRPD pattern can be treated as a fractal surface, thus

has encouraged researchers[i20] to introduce the second approach of fractal
featues for i nterpreting the pattern. The a
the parts, when magni fi ed, Byrassunang h sticks mu c
with length| is used to measure the length of (let us say) a coastline, Wigre
denoteghe actual length of the coastline, it could be expressed (as a power law) by a

parameted;, called the fractal dimension as in equaei¥ whereK is a constant.

N() =Kl (214
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For a curving surface such as a 3D PRPD pattern, square boxel§ are used
instead of the stick. The area where the shape resides is divided into the square
boxes, and the number of boxes that contain part of the shape are counted. The value
of dr can be stimated from the slope of a line fit to thieg (N(I)) versus loql), for
different values of. In addition tod; as the fractal feature, the lacunarityjs also
extracted to quantify the gaps or lacunae present in a given surface. These two fractal
features represent the 3D pattern, widgiis used to quantify the surface roughness
while L gives a measure of the denseness of the fractal surface. This approach has
shown its capabilities in discriminating patterns from different PD defé@@lji

[124] with an advantage of less extracted features (two fractal features) corntgpared
the texture analysigigure2-11 shows an example of pattern discrimination reported

in [120].As can be seerpatterns from the same class lie close to each other and
separatedrom other classes.
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Figure 2-11. Cluster representation on the feature plane showing pattern discrimination
capabilitieg120]

The final approach is the waveleased image decomposition technique that can be
used to identify individuaPD sources present in muttefect PD patterns. It was
mentioned in[125] that the resultant PD pattern from more than one defect is an
overlapping of the individual defect patterns. The effectiveness of the-chefdtct

PD recognition thus depends on the degree of thdagpvel' he multiresolution signal
decomposition (MSD) technique of the wavelet transform has been successfully used

for image decomposition.
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In the application of the 2D PRPD pattern, for example Hk&) distribution, the
number of PD pulses (verticand the phases (horizontal) are treated separately for
decomposition. The outputs of the decomposition are then reconstructed yielding
four subimages i.e. one approximate image and three detailed images of vertical,
horizontal and diagonal. Investigation [125] reveals thaonly the vertical and
horizontal images represent salient features of the individual sources in a separable
form hence could aid the identification of timelividual defect from a muktefect

pattern.

2.4.4 PD Classification

The clasification of a PD pattern ttype of the defect requires either the knowledge
from experts based on their experience or a database of historical PD patterns
corresponding to particular defects. In the formese; with consideration of
waveshapedescriptors irFigure2-10, the formulation of the descriptors are based on
the PD behaviour determined from the experts. Taking one of the des;biase
position for example, the issue of space charge will result in PResat and in-
betweenphase positions unless, if only minimal space charge is present and no
memory effect extends beyond the half cycle, PDs will take place pe#ia[112].

PD pulses could also result sandom phase positions, which is one of the
characteristics of a rolling particle. The classification of a rolling particle defect
using the knowledgbased approach is depictedrigure2-12. Four descriptors are
identified to be affected by the defect.ighase positionphase rangeshapeand

pulse density

In the case of historical data, either individual or hybrids of classical and artificial
intelligence (Al) approaches are used to learn the data for PD classification. The
distance classifief126]i [130], artificial neural network (ANNJ118], [128], [131]

[134], fuzzy logic[128], [135], [136] support vector machine (SVM)28], [129],

[135], [136] and decision tregd.37], [138]are examples of these approaci&ace
classification is not the focus of thiesearch work, further discussion on the Al
technigues will be given iChapter 3that concerns its employment in prognostic

studies.
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Figure 2-12. Semantic network model of knowledge flow for rolling particle defet?]

2.5 Water Treeing

Treeing is a type of damage which progresses through a dielectric section by
resembling a trelike path. The effect of moisture has proved so important that there
are two major classes of treeing, inater treeing and electrical treeing. Water trees,
also known as electrochemical trees, are generally observed as a dendritic pattern of
watekfil led microcavities in the polymdd39]. The initiation of a water tree not

only requires water and electric field, but also contaminant. Under laboratory

conditions, it is found to be very difficult to grow water trees in pure W]

The water may be present on the interfbedween two materials or within the
insulating material. The former results in vented tr@ggure 2-13a) that have a
direct contact with a reservoir of aqueous electrdl¥8} and can grow completely
through a dielectric section to bridge the electrodes. The latter on the other hand,
results in bowtie trees(Figure 2-13b) which progress symmetrically from either a

contaminant, boundary surface or water filled void within the insulation, where there
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is limited access to an aqueous reserjd®i. The growth of a bowie tree is not as
significant as a vented trencea bowtie tree rarely grows large enough to cause
electrical breakdowfiL41].

(a) Vented tree (b) Bowtie tree

Figure 2-13. Examples of water tree: (a) Vented water trees growing from the conductor
screer[37], (b) Bowtie tree in clay filled EPR cable insulation initiating from a contaminant
[139]

An increasdn the concentration of the water molecules at the tips of water trees, as
well as the applied stress to the insulation, will increase the degradation rate, hence,
reducing the breakdown strength of polymeric insulafibd?]. However, when a
water tree fully bridged an insulator, breakdown does not necessarily occur

immediately, although the breakdown strength is reduced

The progress of water treeing is often followed by the initiation of an electrical tree
[28], [142] . In this case, the transport of charges at the water tree tip creates a local
field that high enough to initiate the electrical tree. Also, there is evidence that a
water tree may propagawithout the presence of partial discharge activity unless an
electrical tree was presef[it2]. The electrical stress required for electrical treeing
formation & 100 kV/mm) is higher than water tree (€0 kV/mm) [143].
Investigationin [144] reveals that after the transition of water tree to electrical tree,
the PDIV dropped with respectively 50% and 44% of the original PDIV value. This
highlights the severity of the electrical treeing compared to water treeing in terms of

ageing.
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2.6 Electrical Treeing

Electrical treeing is known to be one of the routes to caukeean solid insulation

[145]. Current developmesibf DC power transmission has brought concerns about
electrical treeing not only in AC fields but also in DC fields, in the preseof
voltage ramps, short circuit, polarity reversal, impulses or constant DC vdli&jes
Before the term of treeing was iattuced, it was described as a growing pit from a
void, which can be either carbonised or uncarbonised depending on the type of
electrode, insulating material and stage of tre¢iith]. Discharge activity in the
voids erodes their surfaces, creating nonconducting pits protruding into the solid
material, which later become conducting in the presence of incideahadges,
raising the stress at the tip to intrinsic strength levels and creating localised

breakdown.

Electrical trees may start to grow from water tregsgrp conducting particlesr
gaseous cavitigg4]. The initiation and growth of an electrical tree are accompanied
by PD activities within the developing trsbaped hollow channels of micrometre
(um) diameter and lengtlrigure2-14 outlines three distinct stages of electrical tree
growth. The inception stage is characterised by a finite initiation time. Under
continual AC field application, the electrical tree propagates across the insulation
with adecelerating growth rate which then accelerates leading into the runaway stage

before breakdown.

Tree

Length Breakdown
Inception Propagation Runaway 4
_  Stage _ Stage | Stage |
‘l
/
Region of Slow /

Fractal Propagation

Fast
Growth ) »

Inception
Time

Time

Figure 2-14. Schematic representation of electrical tree grdd/#h
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2.6.1 Inception Stage

Generally, the common defects in polymeric dielectrics that initiate electrical trees
can be categorised into two classes: defects producing gas discharges and defects
producing strong local field enhancem&m7]. The former are mainly dedicated to

pit formation through partial discharge activities in-§#isd voids. The voids are
produced either from defects formed during production, installation and operation,
from cracks and crazes due to electromechanicatsitl48], [149] or dielectric
heating[150], or at the interface between the electrode and the dielectric due to
electrostrictive force[151]. In addition, micro cracks produced in epoxy resins

during casting and cooling processes would also be filled with gas.

For a tree to be initiated, the PD activity in the cavitgdseto be concentrated in a
certain ared78]. This is automatically fulfilled in a prolate shaped cavity. In the case
of oblate and flat cavities, the PD activity is localised by the crystal growth (selid by
product due to PD in cavity) on the insulation surface. However, the tree initiation
may be intmsic if the tip of the pit becomes highly electrically stressed. Material
experiencing thermal ageing could also initiate a tree intrinsically through the
oxidation mechanisrfi48].

The latter category of defects results from sharp point elecpoateusion either

from material defects or from the tip of water tree. Tree initiation takes place by a
process of electron injection and extraction from field enhancement tips, where
charge carriers move back and forth repeatedly between the electratiegbean
stressed dielectrif53], [151]. Trapping, detrapping and recombination mechanisms

of space charge (explained in Sectif) contribute tothe formation of small pits

and electroluminescence respectively and are followed by the tree initiation. During
this processes, the electrons will gain energy that enables them to ionize gas atoms
when they collide and lead to electron avalanches. Higi$ic process may not
result in a measurable PD, thus could not be detected through PD monitoring. Tanaka
[151] divided this process intothree mechanisms: field distortion charge

accumulation, joule heating and oxidation.
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Both defect categories explained above occur during an incubation pkrfoekd as

the time required for tree initiation from the time the voltage is appliéd]. This

time period is also known as inception time, as showrrigure 2-14. Treeing
inception is considered to be the time required for generating an observable tree
(usually about 10mm in length)[13]. Since the electron currents are small, no
externally detectable signals occur during the initiation pdfi@]. Once a tree has
been initiated after the incubation period, PD can be detected for both defect

categories.

2.6.2 Propagation Stage

After the tree inception, electrical tree growth is driven by PD activity in the existing
tree tubules Thesedischarges erode the insulation material and createlikese
branches.Unlike the tree initiation, the propagation process produces detectable

current and visible light that can be the meangré®ing detectiofil 52].

The resultant treedepends upon various factors, .eagplied voltagg149], [153])

[155], temperaturd156], frequency, needle tip radius and sample prepar§#ioh

For instancethe increase of frequency or applied voltage results in the transition of
branch tree to bush treé branch tree has multiple branched structures; the
discharge actividgs are restricted to a few branches at a time and thereby the tree
extends only from those brancH&s5]. Discharges in bush trees on the other hand,
are spread throughout the body of the bush; new tree tubules are generated and
packed together in the bush fofb5]. Higher applied voltage may result in larger

PD and lead to higher gas pressure that promotes bush formfdttaf).
Nevertheless, the higher damage density causes slowergptigpain bush trees
compared to branch treeés this transition was mainly withessed at ambient
temperature, studies in higher temperature fo® XLPE [156] and 80 for PE

[149]) exposed the increased in gas diffusion reduces the gas pressure, yielding the
formation of a branch tremther than a bush treBoth tree types are normally
characterised through fractal dimensidni.e. branch trees havel < 2 whereas for

bush trees 2 & ¢ 3[158].
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In addition, a number of searchers have introduced termisb r apni cnhe 0 or
Aimonpaeyzl ed to describe the type of el ec
lower than the inception of a branch t{@&4], [155], [159] Investigation on tree

growth in XLPE cable insulation at different voltage levels discovered the transition

of branchpine to branch and finally to bugh55], [159] as shown irFigure 2-15.

The difference btween branch and branpime trees is the presence of many short

side branches on each side of the long branches in the kenectree. This type of

tree was also observed in epoxy rdabd].

(b) Branch tree

(c) Bush tree (d) Bush tree

Figure 2-15. Electrical trees obtainddom XLPE samples at 9, 11, 13 and 15[k¥%0]

As can be seen ifigure 2-14, the propagation stage can be separated into two
phases i.efast and slow growth. At the beginning of the propagation stage, only a
single branch structure will grow from the tip electrode and the growth is mainly in
the vertical direction towards the ground electrode. The tree then either continues to
grow from he same branch onters a slow propagation phase wha@e channels

will grow out from the initial branching structuend resuls in abush treg159].
However, as the tree length increases, the potential and the field at the tree tip
reduces thus decelerating the growth rate especially for a long distancetgaprb

needle tip and ground plate or for low applied voltdd].
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2.6.3 Runaway Stage

The runaway growth may predominantly occur at the leading branches, where one of
the brarhes continues to grow towards the plane electrode. Once a leading branch
comes close to the plane electrode, the electrical field enhancement due to the
proximity of the ground plane enables runaway tree growth to occur. However, this
may not causes an mediate breakdown since a return tree might occur after the
original tree traverses the insulation gap. A return tree is the tree that grows from the
ground electrode to the start point of the treeing. Results from electrical treeing
experiments using a dble needle electrode system molded in[P8, showed a

return tree was grown after a branch tree traversed the insulation at applied root
mean squared (RMS) ktage of 10kV. At a higher voltage of 2@V s, a bush tree

was observed to grow and a complete breakdown occurred when the tree reached the
ground electrode. A return tree was also observd@ih [29] which the resultant

current in[29] wasmuch larger than the forward tree.

2.6.4 Corresponding Partial Discharge Analysis

As the initiation and the growth of electrical trees are accoragdry PD activities,

many research studies have incorporated the morphology of electrical treeing with
the analysis of PD data. The presence of electrical treeing can be detected through
PD pattern analysis as different PD sources result in unique P&nzatSince PD

data available for this research work is in the form of pheselved patterns, thus

PD analysis is limited to theggarametersphaseoccurrencg magnitude of PD,

numberof PD and time of PD occurrence.

Explanation of the PRPD representation approa@eation2.4.2.1mentioned some

of the terms used for descrj bi negarbthtanPdRP
Awi ngo | i ke p astntfiedingitse. corrElaion! bgtweenf efedrical tree

growth and the corresponding gi n plot have used these terms to distinguish the

different stages in tree growth. Investigation[@8] has highlighted three unique

PRPD patterns for describirige inception, early growth and late growth stages as

illustrated inFigure 2-16. Since the initiation of an electrical tree is related to void
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formation, thee Tginpl ot during this stage depicts
typical pattern for a void. A branche& grew from thdow density polyethylene
(LDPE) sampl e after hal f an hour of t h
Atriangledo | ike pattern. The branch tr ec
small PD appeared when the instantaneous voltage redeh@edk. These patterns

are showed to be reproducible for a triangle wave applied voltage and different
insulation materials i.eethylenévinyl acetate (EVA) and ethylehacrylic acid

(EAA) copolymers.
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Figure 2-16. The G-g-n plots from electrical treeing in a LDPE sample under 8kV 60Hz
sinusoidal applied voltage; (a) tree initiation (5 min), (b) branch tree (30 min), and (c) bush
tree (180 minJ98]

FromFigure2-16, it can be seen that the PD pulses mainly occur in the first and third
quadrant of the voltage wavefornfhe reason for such occurrence Hhasen
discussed comprehensively [@61]. At these quadrants, the magnitude of the
instantaneous voltage is increasing which results in an increase to the total field
distribution[99], thus triggering the next partial dischai§é]. The transition from

Aturtleo |i ke to Awingo | i ke pattern emp
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with the phase angle and the instantaneous voltage during the treeing process. The
PD yields the maximum agnitude when instantaneous voltage is nearly at its peak,
and then becomes inactive when reaching the peaks Wieederivative of voltage

with respect to timegu/dt is equas to zero. The magnitude of instantaneous voltage

in the second and fourth quadrants is decreasing thus lowering the total field
distribution, resulting in less PD occurrengéis suggests that the voltage derivative

plays a role in the occurrence of P[OS].

The difference between branch and bush types of treeing could also be identified by
observing the PRPD pattern throughout the tree growth. For a branch tree, Champion
and Dodd[15] found that a temporary phase shift occurred at each PD burst as
shown inFigure 2-17a. These short interval phase shifts in the partial discharge
activity were associated with a sudden increase in the PD rates as depkitpden

2-17b. In contrast, a gradual phase shift occurred during the growth of a bush tree in
Figure 2-18, where the phase distribution widens from only the first quadrant to
include the fourth quadrant, and from only the third quadrant to include the second
quadrant. The PD rates figure2-18b are less chaotic than those of the branch tree.

The same characteristic of the PD rates was also foU20Jin153], [162]

Total PD per cycle

| {-gz'
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i - & - £'
[4) =3 g
| E 3l &
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0 90 180 270 360
Phase (°)
(a) Phasgime plots (b) Total PD per cycle

Figure 2-17. PD characteristics for branch trieg(a) phasétime plots, and (b) the

corresponding total PD rate as a function of tjrfg
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(a) Phasdime plots (b) Total PD per cycle

Figure 2-18. PD characteristics fdsush treen (a) phasktime plots, and (b) the

corresponding total PD rate as a function of tjirf

The analysis of the PD sequences reveals that consecutive discharges occur in
specific sequend®6]. For the case of electrical treeing, the specific sequence can be
verified from the histogram of voltage difference showrFigure 2-19a. It shows

that there is a systematic periodic shift of the external voltdgesto the space
charge built up by the discharge procebs.contrast, no specific sequence is
provided by the phase occurrence due to the broad distribution Figines 2-19.

Since the voltage of PD occurrence brings significant impa®SiA three plots of
consecutive discharges based on the instantaneous voltage are prod@éé¢den

the instantaneous voltage, the voltage differencaju and the ratio of the voltage
difference to the time differencdy/dt. Figure 2-20 showsthe consecutive plots of
electrical treeingn PE (represented by the lines which connect two consecutive

dischargs) that can be a reference for PD pattern recognition.

600

300

60

Frequency
Frequency

a5 0 15 180 360
du (kV) Phase (°)

(@) (b)
Figure 2-19. Frequency distributions of (ap and (b) phase angles for electrical treeing in

polyethylend96]
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Figure 2-20. Pulse sequence analyses of PD signals after tree initiation in polyethylene on
the basis of scatter plots of (@)(b)du, and (c) du/dt [96]

2.7 Impact of Harmonics on Electrical Ageing

Harmonic pollution in the distribution network is a great concern due to the increased
use of power electronic converters in both residential and industrial areas. The
growing interest in distributed generation makes it even worse. These eosivert
generate harmonic components, which propagate towards the network supply side,
and nonsinusoidal voltages at the load side. Consequently, there is a gradual change
in the working environmerj2]. Hence at the plant level, insulation systems will age
differently influencing electrical ageing mechanisms such as partial discharges and

electrical treeing.

Harmonics cause overheatit@ythe conductor as well as the insulation material that
can accelate thermal ageing of the insulatipb63], [164] In power cables, the

additional heat iprimarily due to copper 10sBcoppes €Xpressed as follows:
Pcopper =1 ZR (2'15)

This loss is dependent on two electrical parametbesccurrent that flows through

the cablel, andthe cableresistanceR. The nonsinusoidal components increase the
net RMS load current thus increases the copper loss. The resistance on the other
hand, increases due tioe skin effect and proximity effecBoth phenomenaary as

a function of frequency as well as conductor size and spacing.
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Harmonics are components of a periodic wave having a frequency that is an integer
multiple of the fundamental power line frequency. Harmonics, therefore, are a
multiple of the fundamental frequency and are usually defined in the Fourier series as

a periodc steady state distortion waveform shown in equaid8 [165].

u(t) :éNi Uy sin(hut +,) (2-16)
h=1
whereN is the number of harmonic components contained in the voltage waveform,
h represents the harmonic order, wHilg, s ande are thepeak voltageangular
frequency and phase shift for tH&" order harmonic respectively. In power
engineeringthe fundamental frequency is 50 or 60 Hz depending on the network.
Figure2-21 shows the resultant waveform whefi, 3" and 7" harmonics aB0% of

amplitude pollute the fundamental at O phase shift.

—— Fundamental
30% 3rd Harmonic
30% 5th Harmonic
— 30% 7th Harmonic
— Resultant

Magnitude Per Unit
o

-2 | | !
0 90 180 270 360

Phase (deg)

Figure 2-21. Theresultant of the fundamental anl 3" and 7" harmonicsvhenv =0

The measure of harmonic content is commonly expressed as total harmonic
distortion (THD)

13

N a
THD = a Uhrms o (2_17)

h=2C™~1rms

(@]

whereUpmsandUymsis the RMS voltages of thd™ order harmonic anflindamental
respectively In addition, Montanari and Fabiafii65] have formulated three other
measures to describe the resultant amplitude and waveshapeakegarametek,
RMS parameteK;ns, and waveshape paramet&g as in equation2-16 to 2-18
respectively. In the case of a pure sinuséigl= Kims = Ks =1, while in distorted
regimes they are probably greater than unity.
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c

K, =—* (2-18)

<

o

whereK; is the ratio of the peak voltage of the resultant waveftfgto the peak

fundamentallJyp,.

C

K g = —m (2-19)

1rms

C

whereK s is the ratio of theRMS voltage of the resultant wavefortd;ys to the
RMS fundamentalJ;yms

(2-20)

whereKsis proportional to the RMS derivative of the waveform and thus is related to

its steepness.

Life tests ona self-healing capacitor if164]i[167] show thatthe effect of peak
parameter, K,, is the most criticahmong the three parameteisice even a small
increase inK, can cause a failure time reduction of ten tineesmore For this
reason, onlyK, is considered for life modelling if168], [169] The increase of the
peak amplitude can beoted from equation-26 to depend on the phase shifty of
the ™ order harmonicAs can be seeim Figure2-21, the peak of resultant polluted
waveform is almost similar to the peak tbe fundamentalwhen no phase shift is
applied. However, when théand 7' harmonics are shifted by 18ahe resultant

waveform inFigure2-22 yields a factor of 1.9 increase in the voltage peak.

—— Fundamental
30% 3rd Harmonic
30% S5th Harmonic
—— 30% 7th Harmonic
—— Resultant

Magnitude Per Unit

I
0 90 180 270 360
Phase (deg)

Figure 2-22. Theresultant of the fundamental a8, 5" and 7" harmonicasvhens =« =

0 ande =+« =180
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Further investigation on the impact of the three parameters discovered the
significance of waveshape factdfs , in life reduction[170]. As can be seen in
Figure2-21 andFigure2-22, not only the peak could change remarkably but also the
slope du/dt. The hcrease irdwdt involves bursts of fast voltage rise that promotes
PD activity[170]. This can be observed Figure2-23 where the highedwdt of 11"
harmonic results in higher magnitude of Piibe effect ofK,,showever, is not very

significant and may be considered negligidl€0].

As the amplitude of instantaneous voltage and the derivative may influence the
occurrence of partial discharges (explainedbaction2.6.4 ), the distortion on the
voltage waveform in the electrical network thus could change the normal PRPD
pattern. The changes in working conditions and exploitation stresses by harmonics
have a wucial influence on the PD arising in insulation systems compared to normal
conditions. The influence of harmonics on tpartial discharge activity can be
observed through Tqgin plots in Figure 2-23. The following changes can be

observed by comparing PRPD patterns at different harmonic orders anfiLTHD
1 Change ithemaximum discharge magnitude
1 Change in the phase location of discharge activity
1 Change in the number and density of the discharge activity

1 Change of the symmetry of the PD images and phase distributions

T Existence of regions with no discharg

10,000 500

" Sinusoidal ‘ 5% Harmonic P ‘ 11 Harmonic
| THD=0.7% | THD=11% | THD=11%

Phase () 360 0 " Phase(d) 360 0 " Phase() 360
(a) (b) ()

Figure 2-23. Influence of harmonic conteoh¥ iginplot,(a) APur eodo test vold't
= 0.7%,(b) 5" harmonic with THD = 11%and €) 11" harmonicwith THD = 11%[171]

Discharges (pC)

-10,000 0
0
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IEC 610002-4 [172] however, has limit on the compatibility level for harmonic
voltage on power systemus the rangel kV i 69 kV toa THD of 5%. This means,

the THD at various poistin a grid system shall not exceed this level, otherwise it
may cause disturbance to thewer system at plant and consumer level. At consumer
level, it is normally requird by the utility to limit the THD by installing passive or
active filters. Nevertheless, published work on the impact of harmonics on PD
patterrs [171] and electrical tree growt30], [173] purposely exceed the maximum
THD allowance since no significant effect to insulation fagusas found for THD
lower than 5%. Investigation on higher THD therefore, highlights the voltage

distortion effect which mayazur due to failure of harmonics filters.

Very few papers haveeported the impact of harmonios electrical tree growth.
Researchn [30], [174] observed bush type trees at lower harmonic voltages (even
and odd) that are independent of THD. However, at higher harmonic orders, lower
THD generated bushranch trees while higher THD generated fibrillar treesa
treethat spreads with thin fine light coloured branchHsis fibrillar tree was also
noticed at the very low frequency of 0.1 Hz where fewer branches are generated than
when the frequency is increased to 1 Hz. Also, it was found that tree inception is

fasterat higher harmonic orders and THD level.

Bahadoorsingh and Rowlarjdi73] utilised seven compositwaveforms (including

one fundamental) at different THD ard but constant peak values to study the
impact of harmonics on tree growth and breakdown times. Analysis of partial
discharge height distribution (PDHD) using the Weibull distribution of equatit3
pointed out that the™harmonic produced a larger scale paramdighan the ¥
harmonic for waveforms with similar THD levels. Lardévalues are associated
with higher PD magnitudes, hence this suggests theafmonic is more influential

on electrical tree growth than the"Sharmonic[175]. Using different electrical
treeing samples, analysis of breakdown times using the Weibull distribution of
equation 2-12 at increasing THD level yielded redett shape parameterg
indicating a shorter lifetime. The growth rate of electrical trees considering both
vertical and horizontal dimensions of electrical tree growth appears to be

reproducibly independent of power quality variation.
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As electrical treeings associated with the PD mechanism, hence charge injection
and extraction from the electrode to dielectric material could explain some of the tree
behaviour due to harmonics. Harmonics that are greater than supply frequency will
boost the charge injectioand extraction process because of shorter time per half
cycle. More charges being trapped will enhance the localised electric field, thereby
accelerating the initiationfahe electrical tree. e tree size and shapell then
greatly depends on partial discharges in the tree chf@jelincreased PD activity
particularly due to the higher voltage peak of a distorted waveform can cause life

reduction

2.8 Review of Polymeric Ageing Models

When the insulation is subjected to either single or mulbplEEAM factors, there

will be irreversible changes of the material properties hence reducing its endurance
to the stress. The ageing process will eventually cause insulation breakdown when
the material can no longer withstand the applied stress. The peaib of ageing
models not only can relate the dependence of breakdown time to the applied stress
but also could estimate the remaining useful lifetime (RUL) of the insulation. This
information is critical for CBM in making decisions for the next mainteegplan

with the possibility of prolonging the

The emergence of polymeric ageing models has been reviewed by Moifd&hari
[176]i [179] showing the transition from empirical to physical mod¥ksy recently
Mazzanti updated the revievand focusing on théfe and reliability estimation of
HVDC cables with extruded insulatigh80]. The majority of he developed models

are focused on thermal and electrical effects hence are the focus in this Sdwtion.
models were initially derived for single stress ageing until the multistress ageing,
particdarly electrothermal stress (a combination of electrical and thermal effects),

started to gain more attention in 19800s.

The empirical ageing model is often described as a phenomenological model in the
literature.Experimental studies are carried out in more severe conditions than normal

operation in order to induce early failures. The stress endurance from accelerated life
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testing mostly obeys the exponential (equafleiil) or inversepower law (equation
2-22) depcting the decrease in ageing rate as insulation life incré¢ag8p

y=kexy X (2-21)

y=kx" (2-22)

wherek; andk; are the empirical factors. The linear representation of both models in
either semilog or logog scale respectively, allows interpolation for design stress
information and extrapolation for life estimatioRurthermore the adaption of

Arrhenius and Eyrig models into these empirical studies has initiated interest in

physicsbased modelling, giving the interpretation of the ageing mechanism.

2.8.1 Thermal Models

Crosslinking, chain scission and oxidation are examples of mechanisms that cause
thermal aging[49]. Experimental studies into thermal effect were conducted at
various temperatures and some of the material properties are expected to be reduced
as the temperature increases. The “kedwn exponential relationship between
temperature and failure time hiasen reported since 1930 in the application of oil
paper insulation in power transformef&d81]. Montsinger demonstrated the
relationship by plotting the tensile strength of thermally degraded paper with the
lifetime, L, at three different temperaturek, The relationship between in hours

andT in C was expressed by rewriting equatib®8 as follows:

L=k exp &,T] (2-23)

It was shown in the paper that a linear relationship exists when plottingdfi for

a constant tensile strength.

The exponential relationship between temperature and failure time became more
convincing when Dakin found similarity to the wellknown Arhenius model,

indicatingchemical reaction rates vary with the temperafli82], [183]i.e.
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Rc= k expg T (2-24)
B

MDD

whereRc is the rate constant of a chemical reactiaris an empirical factoDW is
the activation energy for the reactionJioules kg is the Boltzmann constant aids
the absolute temperature in Kelvim thermal ageingRc is considerd to be the

degradation rate which is inversely proportional to the lifetimegiving a life

model:
1 eDW
L=—expeg— (2-25)
k" &k T
However, the plot of I vs 17T rarely yields a straightlindbence, Eyri ngos

used asan alternative. This was initially applied for reaction rate under constant

thermal stress, and gives the empirical fa&ioas a function okp, ks andT. The

t her mal l i fe model deri vegd48lf[t84Im Eyr i ngos
k eDG
L =—F-exps -
kT O PET (220

wherekp is the Planck constant ai@lis the Gibbs free energy corresponding to the
height of the energy barrier to be overcome for development of degradation
reactions. A linear life line that is equivalent to the Aribermodel can be obtained

from the plot of INLT vs 1/T, which is mostly used in multistress ageing moéh3.

2.8.2 Electrical Models

Research on electrical ageing is primarily focused@atage endurance. Accelerated

life testing is either conducted at much higher voltdd&g&], [185] or frequencies

[186] than the operating conditions, while other variables are kept constant. The
information on less severe conditions is then estimated by extrapolation. The life test
data are fitted with eitlmeexponential[187], [188] or inverse power model (IPM)
[152], [186], [189], [190]as represented in equatid&7 and2-28 respectively.

L=k exp| U] (2-27)
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L=kU™ (2-29)

where U can be either the applied volta§Es2], [187], [188] the electric field
strength[189] or thevoltage gradienf190]. Thus, a linear plot could be obtained in
either semilog or lodgog with the slope ofl/k; or -1/ k, when plottingU vs InL or

logio U vs logp L respectively

Failure times were initially determined by applying constant voltage, until the
continuouslyincreasing voltaggga s p r o p o s [48b]. Thenlatterap@oaah &
preferredbecauseno preselect of test voltage is requif@85] and the scatter of
breakdown timesan be reducefll91]. Nonethelessthe testing time for constant
voltage is considerably shorter than the progressive stress at the same breakdown
voltage as shown ifrigure 2-24 and proven mathematically if185], [192] The
relationship between the breakdown time of constant voltageand progressive
voltage, tyrog Can be found by fitting the IPM model to the life data and is given as

follows:

tprog =tcons(kz -H') (2'29)

E R I A Constant stress
E S~ .| o Progressive stress
w
T
20
0.001 ’ 200

Breakdown time (min)

Figure 2-24. Inversepower model for the EPR specimens subjected to constant electrical

stressandprogressivestress teqt191]

At low stresses, the life line tends to become horizontal which the failure times are
much longer thamimay be expected from linear extrapolationiroferse power or
exponentialmodels[177]. Hence it is more acurate to treat the lower stress as a
threshold which has been applied in both models. As regards the exponential model,

two threshold models were proposed in the literature as in equati@mand 2-31.
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For the case of breakdown due to surface dischddgkin and Studniar188]
proposed PDIV as the ttgleold voltageUy,, using equatio-30.

L:u-klum oxp %, U Yy ) (2:30)
_ Kk
L THT exp| %,U] (2-31)

The inverse power model on the other hand, is modified as followkraweh asthe
inverse power threshold model (IPTMP3], [194}

L=k (U U,)" (2-32)
or
_ kU
L=on U (2-33)

Among these four threshold models, the experimental results are found to better fit
the model in equatioB-31[194]. Plots of the exponential model (equat®@7) and
exponential threshold model (equatidi3l) in Figure 2-25 show how the
exponential model could ¢g a large discrepancy when the electrical ageing can be
neglected at voltages lower than the threshold.

1 1 1 | 1 L 1 1 1

t, I L

Figure 2-25. Examples of electrical endurance curves obtained by the exponential and

exponential threshold moddil]
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In addition to the threshold characteristic, the typicdtage versus timeurve for
polyethyl ene andoephbai @act daisstai ¢ f Whkit ch
regions as illustrated iRigure2-26 [193], [195], [196] In Region I, the breakdown
time typically ranges up to one hour. The change in the life curve in Region Il is said
to foll ow Ethe axpomential relateonvship in whieh the electrical ageing
mechanism may be influenced by the thermal stf#386]. Finally, the life curve
flattens in Region Ill aEy. The operating voltage should be in this regidrere
electrical ageig can be neglected, giving a very long lifetime. Applying IPM to the
three regions separately would result in the voltage endurance coeffici€also
known as life exponent) as in equat®i4, wherek; is inversely proportional to the

life line slope.

kzu < kz <kzu (2'34)

Logyq Ex

> Logy, L

Figure 2-26. General characteristics of life curve of polyethylene gmaky resin insulations
[193], [195], [196]

2.8.3 Model Based on Electrical Treeing

Electrical treeing is often regarded asprebreakdown phenomendn polymeric
insulation [60], [61]. Several mechanisms have been suggested to explain the
initiation of electrical treeing as discussed in SecBoiil Based on the electron
emission theory, Tanaka and Greenw@dd8] proposed a model that relates the
electrical tree inception time with the local electric fiefkd.more recent work in
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[197], has developed a model based on correlation between the electroluminescence
(produced from recombination process) behaviour with the observed filamentary
damageAlthough both models are limited to the early stage of tree growthnai
breakdown information, prediction of the inception time is worthwhile as it governs

the formation of the electrical tree.

The extension of electrical tree channels depends on the activities of charged
particles within the insulation material. Aeny high local field enhancement, the
space charges that were previously deposited in the cavities are accelerated then
collide with neutral gas particles and with the channel walls. The scission of
molecular chains of the channel walls increases the tganoé the channels that
initiate the formation of an electrical tree. According to Bahder e{28l, the
charges flow mostly in the tree stem thus resulting in an increase of stem diameter,
which is called a crater. The crater depth was found to be proportional to the charge

flowing forwardand backward through the chanrgegnd can be expressed as
a(t, B) = k ft{expgk, (U -U,) g3 (2-35)

wheref the voltage frequencythe time of voltage applicatiok) the applied voltage
stress,Uy, the threshold voltage arld and k, the constars. Also, the crater depth
was found to be inversely proportional to the maximum breakdown voltage stress.
Both relationships are combined for determining the breakdown tigremnsidering
the critical depth of the crater at known breakdown voltafje,once the electric

field exceeds a threshold valugy,. This gives

1

by = N
fh(eXp@kz(U - Uth) H']) exé ksUpg ktl]

(2-36)

where k; to ks are parametrrs which depend upon the material, temperature and

geometry.

The early models concerning the growth of the electrical tree are mostly based on
fractal dimension. Niemeyer et. 4l98], [199] proposed that tree branching has a
stochastic nature that is not only governed by the maximum electric field around the
tree tip but also at the point which has the highest probabilityawing. Since the
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electrical tree in nature is 3D, the total length of all brandiigsis represented as
the radius of a circlg,

I(j) @ ™ (2-37)

wheredk is the fractal dimension. The number of brandigg is then given by
dl -
(‘ @ (239

This means the fractal dimensiaf,can be determined by counting the number of
branches at varis distances. They also found tdgis dependent to the expondant

from the following relation
P E (2-39)

where the probabilityP; to add segmerntto the tree is related to the local electric
field, E. Trees with low fractal dimension (branch type) were found to grow faster
than trees of high fractal dimension (bush type), however, higher fractal dimension
caused a greater amount of damiyg. This modelhas been modified if200] by

introducing a breakdown criterion, i.e. a threshold field for the tree growth.

Based on Niemeyer ea | . 0 s stochastic moDRietettric ( al s o
Breakdown Mode(DBM)), Dissado et al. proposed a deterministic model giving a
relationship between the tree damageand growth timet in terms of tree lengtH,

[201]:

D(t) = ()

e b

oo™

-t (2-40)

tch

wherely, is the average length of a newly created channelt@nsl a characteristic

time for channel formation. The discharge avalanche mechanism proposed by Bahder
et al. in equatior2-35 has been adopted in tiBscharge Avalanche ModéDAM)

for determiningte i.e. the time to form a channgl58], [202] From equatior2-35,

the relationship between space charges and the depth of charge penetration is

assumed to be exponential.

52



Montanari then modifiedB a h d e r et bal .addso pmo chegl Di ssado:
equation2-40 to represent the depth of charge penetration. The model is given as in
equation2-41 with consideration to the power relationship between the tree length

and applied vodige.
o(tU) = k{exgl U U, £ g3 (2-41)

It was shown in[26] that this model fits satisfactorily experimental data for both
EVA and XLPE. This model may bemployed to estimate the failure time of
insulation once a limiting value for the amount of the chosen charge height quantile
has been selected. A generalised probabilistic aging model was then derived from the
Weibull distribution.

Studies in[25], [203] have also applied the Weibull function to the PDHD (resulting
from the electrical tree and cavities respectively) and suggested the staleape
parameter could indicate the level of ageing. However, both studies depict different
behaviour of the Weibull parameters towards breakdown, thus further clarification is

needed.

A stochastiedeterministic model of the electrical tree growth thabnmporated PD
within the tree has beengsened in[204], [205] The direction of the new channel
growth was determinetlased on stochastic dependencethe local electric field

The electric field distribution depends on the charge deposition within the tree
structure that is affected by PD activities. Thereftine, damage distribution along
the tree structure depends on PD inside the chanAetemputer simulation has
been designeBlased on the proposed model which allows observation on many of

the known characteristics of tree growth.

Another deterministic nmatel has been proposed by Champion et al. based on partial
discharge activities within neconducting tree structurg?1], [22]. The tree in

which the discharges take place is represented as a spark gap with two model
propertiesUqn andUqs.  Bursts in the partial discharge activity are suggested to be

associated with a reduction frobh, to Uy which allow the partial discharges to
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propagate further into the tree structure. This is simulated by adding one or more
dipoles of charge onto the tree structure. Each dipole of charge represents a local
electron avalanche occurring over a distance equide grid spacing. Local electric

fields surrounding a tree point were used to weight the local damage in each near
neighbour point, with the total damage proportional to the energy dissipation at the
tree point following a partial discharge. If the egedissipation is greater than zero,
damage was added to each nearest neighbour. At the end of the computation, only
those segments that had discharged at least once were considered to be part of the
tree structure. A tree tubule was therefore only forpredided that a discharge had

occurred along it at some time in the past.

The mechanical properties of the material such as its elastic modulus, tensile strength
and fracture toughness have an effect on the growth of electrical trees thus are
considered for the model developed206]. The model is originally derived from

the Eyring model of equation-26. The lifetime,L in equation 226 is inversely
proportional to the degradation rat)/dt whereD is the &amage caused by the
electrical tree by applying equatior4®. This model however, denotH$) as the

linear length of the tree structure adpas the linear length of a growing mievoid

that forms the tree.The time of failure is then determined kbedtingl(t) as the

critical tree length. In addition, research work [@07] has implemented and

modified thismodel for predicting the failure time using ANN.

2.9 Summary andConclusion

Electrical treeing is one of the main reasons for the-teng degradation of solid
insulation that may eventually lead to breakdown. Studies on electrical treeing have
mostly focusilg on polymeric insulation especially in cable application. Although
treeing is also observed in cellulose material in transformers, tracking phenomenon
seems to gain more interestthis arealn this thesis, epoxy resin was chosen as the
insulating mateaal due to its translucent property that permits observation on the tree
growth. In addition, @oxy resinshave excellent electrical insulation properties as
well as high thermal resistance henaed aremostly usedor casting and moulding

in high voltage applicationg,.g.bushings and cable accessories.
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Studies on solid insulatiodegradatiordue to éectrical treeinghave focued on the
physics behind the phenomendvost of the developedifetime models relate &
tree growthwith the PD activities inside the tubulonethelessthese models only
consider the forward growth although return trees can be expected to Diuisuis
due to thelack of understanding m the underlying processf return tres. In
contrast, no prior knowledge is required faklatadriven techniquénence, isa better

alternative to physics based model.

Among thePD representation techniques described in this chapter, PP Deen

the mostpopular approackvhich statistical operators apgoposed as the potential
features These features however, dexii mathematically from the PRPD pattern
thus not directly related to the physics behind the PD ev@ntshe other hand, PSA
treats PD pulses as events within a sequembés physical inerpretationis an
advantageof PSA over the PRPDThe occurrence of PD in the first and third
quadrant of the voltage waveform suggests that the voltage dersyaitreer with
respect to timeglu/dt or phasedu/dg, play a role in the occurrence of PO%is can

be analysed using PSA by observing the change in instantaneous voltage of the PDs,
which is claimed taot occur at randorbut in specific sequencesherefore, both

techniques are employed in the work reported in this thesis.

Little studies have reported the impact of harmonics on electrical treeing growth.
From the studies, no significant impact the failure timavas found for THD below

5%. Hence this research worlpurposelyexceedghe maximum THD allowanc@ip

to 40%) tohighlight the voltage distortion effect which may occur due to failure of
harmonics filtersBased orthe Weibull distribution,there is a possibility fonigher
harmonic order or/and THID reduce thdailure time This is due to the increase in
voltage rivative of the resultant waveform, which causes an increase in the PD
activities, and hence, acceleratethe tree growth and reducehe failure time.
However,the conclusionof failure time reductions made based on insufficient life

data.

Publishedwork on PD diagnas mainly uss offline PD data and might not applied

to online PD monitoring due to the differences in the applied strel3sspite the
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infeasibility of offline data in cable monitoringhis thesis advances the academic
state of the aytmoving beyond diagnostics towards prognostics, with an eye towards

practical deployment in the future.

Most of the reported insulation life modetsthe literature have beeaterived from
Weibull distribution without considering the insulation degradation process. This
thesis therefore proposes a different approach, considering the degradation process,
by using PD data instead of failure timésom the literature reviewhe life data for

solid insulation fits well to exponential and inverse powerdels. Therefore, both
models are considered in this thesis for prognostics modelling and further

explanation on these models is given in the next chapter.

56



Chapter 3
Prognostic Modelling

3.1 Building a Prognostic Model using PD Data

The Intenational Standard (ISO 1338) [208] def i ne s prognostic
estimation of time to failure and risk for one or more existing and future failure
modeso. Basically, three different me as u

failure occurrenc09]:

1 Remaining Useful Life (RUL): the amount of time for a component to
continue to function in accordance with its intended purpose, warranting

replacement.

1 Time-to-Failure (TTF): the time when a component is expected to fail and

no longemeet its design requirements

1 Probability of Failure (POF): the failure probability distribution of a

component.

Three types of prognostic algorithm are defined3it], [210] based on the type of
information used in making the failure prediction. Type |, or reliabb#&ged,
consders historical TTF data to model the failure distribution, commonly using
Weibull analysis, without considering the operating conditions. This could be the
case for a new component with no track record of health information except for the

past failure tines of similar components used in similar conditiddsowing that
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harsh conditions could reduce the RUL, type Il or strebased methods can be
applied only if the operating conditions and the environmental stresses are
measurable and correlated to the mponent 6s degradati on.
becomes apparent, this information can be employed to improve the RUL prediction.
Type lll, or degradatiobased, applies the degradation measure to characterise the
lifetime of a specific unit operating in its egfic environment. Prediction is
performed by extrapolation to a predefined failure threshold. The appropriate
degradation measures however do not have to be a directly measured parameter.
Therefore, lte insuétion life models discussed ire&ions2.8.1and 2.8.2 can be
categorised as type | or Il, depending on whether operating conditions or

environmental stresses are considered.

Most of the tree growth models described in SecBdh3were derived physically

from the analysis of discharges in the tdeannels. Nevertheless, how well the
model fits the real data is rarely discussedietail This could be a major concern
especially for a small sample size of data. Although pmysased models have a
direct relation with the degradation mechanism, tiheerstanding of the process
might be misleading. The assumptions made in model development may not be fully
applicable to real world systems, thus limiting the applicability of physics of failure
models. As an alternative, a dabaven approach to typHl prognostics could be

applied to historical degradation data for the development of empirical life models.

A typical data driven approach does not associate degradation with physical
knowledge of the failure mechanism, but the use of real data froffirettieallows
derivation of real degradation relationships. Although gathering enougfoZun
failure data for training the model might be an issue, accelerated testing could be an
alternative approach. However, care must be taken to ensure that thes fadlare
during accelerated testing are analogous toZweald failures. In addition, the
primary aspect of the data driven model is not only to provide good predictions, but
to provide general and repeatable predictif#isl]. More description on the data

driven approach is presented in SecBdn
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Research studies on insulation failure diagnosis are numerous and this can be
achieved successfully usirigD analysis[10], [79], [91], [96], [122], [131], [212],

[213]. An abundance of PD features have been suggested in the litenatuseme

of them are described in Sectiadrt.3 These features however, are mostly proposed

for classification rather than predictive modelling. Since the progression of a defect

is far less well understood than diagnosis, studies of the correlatioredretrD
features and the tree growth may give an insight for defect modelling. The quality of
these features as prognostic parameters should be examined first as discussed in the

next section.

Based on the literature, the overall process of developinggnpstic model can be
outlined asshownin Figure 3-1. Preprocessinghe data for prognostic modelling

may sometimes involve the detection of outlieend normalisationor/and
standardisation of the extracted featuf2$4]. The suitability of the features as
prognostic parameters can be examined through three main qudBtigs
monotonicity prognosabilityandtrendability. In general, fewer features are desirable

as it reduces the complexity of the model. This can be done through feature selection
or transformation as discussed in SecBoh Prognostionodek arethen developed

from the selected or transformed features either using regression analysis or another
machine learning technique. The developed nwodet basedn training data which

can then be validated usiagesting data sef he performance of the modes$ then

evaluated in terms of accuracy, precision and robustoessodel selection

* Normalisation « Regression Analvsis * Holdout
* Standardisation & ¥ * Cross validation

* Machine Learnin
* Qutliers & * Bootstrap

* Monotonicity * Feature Selection * Accuracy
* Prognosability * Feature * Precision
* Trendability Transformation * Robustness

Figure 3-1. Possible steps in developing a prognostic model
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3.2 Data Preparation

The potential PD features that are describe8ention2.4.3are on different scales
and/or units thus might require data rescalibg aid the comparison between the
features This can be done either through standardisation or normalis@tiaij
Normalisation scales all numeric variables in the rar@@el] by using a linear

scaling transform,

X - Xmin

norm —
Xmax - Xmin

X (3-1)
whereXnomis the normaliseX variables Xqminis the minimum value oX variables,

and Xnax is the maximum value oK variables.This approach will end up with
smaller standard deviations, which can suppress the effect of outliers.
Standardisation transforms each variable of the features so that they will have the
properties of a andard normal distribution, i.e.

m=0

s =1 (32

wherep is the mean and is the standard deviation. It is also knownZascore

normalisation in which the standard scores of the samples are determined as follows:

z = (3-3)

Finally, observations that deviate from a predetermined bound can be regarded as
outliers Looking for outliers, identifying them, and assessing their impact should be
partof data preprocessing study in[215] has proposed a measure to characterise
the tolerance of the feature to outliers in the range df][Ofhe measure is named as
robustnessnd is determined by first decomposing tb&ture into its mean trend and

a random part using a smoothing method:

X(6)=X(1) (1) (3-4)
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where X(t)) is the degradation feature value at titmeXy(t) is its trend value and
Xg(ti) is the residualA feature with good robustness is less sensitive to the parameter

variations or external disturbanc@se robustness of a feature is given by

1y @8 {XR(ti) =5

robustness — § exp
S| X()

whereN is the total number of observations.

3.3 Prognostic Parameters

Raw data are often redundant and noisy thus not directly used for progf{@kéics

PD analysis as discussed in Sectihd.3is therefore used to extract meaningful
information hat can be linked to the degradation process. A set of metrics was
introduced in[31] which characterise the suitability of a feature as a prognostic
parameter. As the selection of features ialvit prognostic modelling, these metrics
could aid the selection by comparing the characteristics of potential features. Three
main qualities of an ideal prognostic parameter have been propusedtonicity

prognosability andtrendability.

Monotonicity is an important feature of a prognostic indicator as the degradation
parameters change when the system degrades. Monotonicity characterizes the trend
of time series data considering how consecutive data behavesareasing,
decreasing, ostatic. A parameter with high monotonicity will have a strong trend in

one direction, and will consequently provide good information for a prognostic
model. Based on equatid@6, the monotonicity score will be higher if most of the
feature values change in one direction. The change of the feature is measured as a

derivative function with respect to the allocated time interval.

o

ax D #?d 4
monotonicity= mea X X i
¥ N-1 N -1 ‘ (3-6)

¢

whereMQ Qw mis the number of sequential dapmints where the second is

greater than the first (positivéQ ‘Q ) MY Q & Tis the number of sequential data
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points where the second is lower rihthe first (ngativel1Q 'Qd) andN is the

number of observations.

Prognosability indicates the distribution of failure valupg, in relation to the

initial values pstar, Of @ population of systems, i.e. the repeatability of the specific
failure value between different samples. Samples that fail when a parameter reaches
a particular threshold value (with a narrow distribution) will have high
prognosability, and it will theefore be easier to predict the point of failure using this
parameter than another with lower prognosability. According to equafioa small
standard deviation offlure values and large parameter ranges will result in a greater

score of prognosability.

o

a
prognosability= expgg
¢

S ( Prai )
mear(‘ Prai = Putan

(3-7)
)

wheres is the standard deviation apds the value of the prognostic feature.

Finally, trendability gives the smallest correlation coefficiett, between two
samples in a population, which indicates the level of similarity of the shape of the
failure curve between two samples. A parameter which consistently corresponds to
one failre curve will be easier to model than another with low trendability. This

measure is expressed as follows:
trendability = min (| cG |) (3-9)

wherei andj represents two different samples.

All the three metrics are used in thigrk to evaluate potential PD featuresaas
prognostic parameteDetailed explanationon the application of thesmetrics is

given in Sectiort.4.
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3.4 Feature Reduction

Feature reduction is an essential step before training a model tooaeoiitting and
therefore improve the model predictiaocuracyand generalisation ability.
Overfitting implies that the model derived from the training data gives poor
generalisation ability to unseen data, leading one to be overly optimistic about the
model performance. This can be due to the size and complexity of the data. In
addition to thiswith less data, the trainimyoces<ould besimpler andaster hence

resulting in a coseffective predictor.

The extracted features may greatly outhnumber the sample size iwhinbwn as
thecurse of dimensionalitags mentioned earlier in SectioM Usually not all of

these features are important or relevant and some are redudarsequently,
without preselecting the most relevant features and effectively discarding redundant
features as well as noise, the learning model has a marked risk of oveftittiyjg
Therefore, feature reduction techniqug®17] i.e. feature selection and feature
transformation are used to remove redundant features and experimental noise by

reducing high dimensionality features to a low dimensional space.

In predictive modelling, it is worth noting that the prediction of RUL or TTF
employs continuous features anesponses hence requiegression analysis rather
than classification. For this reason, the algorithms for regression analysis are the

focus in this chapter.

3.4.1 Feature Selection

Feature selection approaches aid the identifinadf the best subset of the original
features. This means, the irrelevant and redundant features will be removed from the
dataset since they do not contribute to the accuracy of the prediction model. Feature
selection thus reduces the numbefeaituresas fewerfeaturesaredesirable because

it reduces the complexity of the model. In feature selection, the original
representation of the features is not changed hence it is preferable for someone who

wishes to keep the original meaning of the featuresceOleatures have been
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selected, only these features need to be calculated and analysed. In the literature, this
approach is generally divided into three techniques namely: filter, wrapper and
embedded method218]. These techniques differ in how the learning algorithm is

incorporated in evaluating and selecting features.

3.4.1.1 Filter Methods

Filter methods rely on the characteristics of the features which are evaluated without
utilising any learning algorithm. The aim &fter methods is to select a subst
features that optimises mletermined criteria. These criteria are usually statistical
measures e.g. mean, variance, and correlation coefficients. Feature evaluation could
be either univariate or multivariate. In tbaivariate scheme, each feature is ranked
independently based on the scores, while the multivariate scheme evaluates features
by batch. Therefore, the multivariate scheme is naturally capable of handling

redundant features.

Most of the filter algorithm®valuate the individual features. The selection is either
those that satisfy a condition thre top-rankedfeature Subsequently, no information

is provided for the feature subset with the optimal modelling performance. Also, the
interaction and dependaas between available features is disregarded. Despite this,
filter methods employ a straightforward search strategy compared to wrapper and

embedded methods, giving the benefit of an easier design and faster algorithm.

The linear correlation between feeda relies on measures of the general
characteristics of the training data such as distance, consistency, dependency,
information, and correlatiorfi219]. As the degradation data involves continuous
features and responses, the correlation between these two variables is significant in
determining the characteristics of the features. Examples adlatbonbased filter

methods are the Pearson correlation coefficient and Spearman correlation coefficient.

Pearson correlatiogoefficient measures linear correlation between two variables
[220]. The resulting coefficient lies in betweehand 1A correlation of-1 indicates
a perfect negativeorrelation i.e when one variable increases, the other decreases,

whereas 1 indicates the opposite, and 0 means no linear correlation exists between

64



the two variables. Obviously, the main disadvantage of Pearson correlation
coefficient is that it is onlysensitive to a linear relationship. If the relation is-non
linear, the Pearson correlation coefficient can be close to zero. The Pearson
correlation coefficientcg, is defined as:
= cov(X,Y) a9
R ENCES 9
where cov designates the covariance sithe varianceSolving forcovands® give

CGy as in equation8-10o0r 3-11.

oo = Al X(y Y 610
S AKX Ay Y

o = Na xy- ax o

" e (ax))(n & { &) o

where x; is the feature valuey; is the response value, aiMlis the number of

observations.

The Spearman correlation coefficieist a statistical measure of the strength of a
monotonic relationship between paired data. The relationships between features and
the response could be nonlinear thus it is not always accurate to apply Pearson
correlation coefficient The Spearman correlation coefficient is more appropriate
when the data points seem to follow a curve instead of a straight line. Also, it is less
sensitiveto the effects of outlier§221]. The Spearman correlation coefficient is
actually a Pearson correlation coefficient based on the rank of the variables. Thus,
the interpretation of the Spearman doéfci ent i s similar to Pe:
is basedn the rank of the variables. Hence for variables with a monotonic trend, a
perfectincreasing trend yields a coefficient of 1 whilperfectdecreasing trend is

1. Therefore, equatioB-9 is rewitten as follows for determining the Spearman

correlation coefficients:
. = cov(rgy ,rgy)

CC, >
sfgx %Y

(3-12)
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whererg is the ranking of the variables. tiie data does not have tied ranitse
Spearman coefficient can benplified ta

65 D

cc.=1 —N(Nz-l)

S

(3-13)

whered = rg(x) - rg(y:), the difference between the two ranks of each observation.

3.4.1.2 Wrapper Methods

Unlike filter methods, wrapper techniques require a predetermined learning
algorithm and use its performance on the provided features to identify the relevant
ones[218]. Hence, wrapper methods rank features according to their relevance to the
model. Wrapper methodsonsider the selection of a set of features as a search
problem, where different combinations are prepared, evaluated and compared to
other combinations. In this way, feature dependencies are considered for model
development. In comparison to the filter thned, the wrapper approach is
computationally expensive. Although this approach can improve model performance,
overfitting may also be expected.

In the wrapper method, heuristic strategies are normally applied. Examples of simple
algorithms are forward ssdtion and backward elimination. Forward selection starts
with an empty set of features while backward elimination begins with the full set of
features. In each iteration, forward selection keeps adding the feature which best
improves the model until theddition of a new variable does not imprahe
performance of the model. Backward elimination on the other hand, removes the
least significant feature at each iteration which improves the performance of the
model. The elimination process is repeated urgiimprovement is observed in the
model performance. In terms of interdependent features, backward elimination seems
to be better than the formgrl0].

The selection of either a new additional or removal feature for both wrapper methods
requires a search algorithm. Béisst search is a simple heuristic search algorithm
that sorts the qeue for feature evaluation according to their rank@ig]. The ranks
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of continuous types of features could be derived from filter methods. This algorithm
chooses a subset of features with the top score ignoring the number of features in the
subset. Hengemodels derived from this approach may suffer frimacurse of

dimensionality.

3.4.1.3 Embedded Methods

Embedded methods differ from the wrapper methods in the way feature selection and
learning algorithm interact. In embedded methods, the feature selection is
incorporated as a part of the learning process thus splitindata intdraining and

testing set is unnecessary{110]. For instance, decision trees are iteratively
developed by splitting the data based on appropriate features. Each feature is given a
value depending on its importance for the classification task, and the final desision i
made by calculating the value of decision no#22]. This builtin mechanism of

feature selection makes embedded methods lesg pomverfitting.

In addition, embedded methods bridge the gap between filter and wrapper methods.
The filter method is applied in this approach to obtain a number of candidate subsets.
The best candidate subset is then verified through the wrapperdn@imerefore,

the embedded model usually achieves a comparable accuracy to both filter and
wrapper methods. However, for a small size of training data, a filter method can be

expected to perform better than an embedded méRaajl

Regularisation techniques embed feature selection into the learning algorithm
indirectly by improving the performance of the model. Applying curve fittoghe

set of data irFigure 3-2 may result ineither agood model, an undertigd model or

an overfited model. An underfited model shown inFigure 3-2a does not really
capture the underlying trend of the dttas results in a high bias modelddestroys

the accuracy of the moderhis is mostlydue to the low complexity of the model.
Figure 3-3 shows he predictionerror from the training and testing setThe
underfited modelthat has high ilasyields unacceptable errors that aneich greater

than the desired performance footh ses. Nevertheless, anodel with high
complexity may fit the training data too well (low err@3 shown inFigure 3-2c.
However, the training data may contain noise and inaccurate data, hence, the model
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might not really fit a new data set. This wnkgatively impact the modil ability to
generalisendthusyields avery high error for the test datakigure3-3. The very large
difference between the error training and testing datghows that overfiihg results in

a high variance model. Thereforiiiere should be &adeoff between a high bias
model and a high variance model so that a compromise model can be developed as
shown inFigure3-2b.

Xq High bias X Good X; High variance Data
(Underfit) (Compromise) (Overfit) — Cirveiilling
> X, > X, > X,
(a) (b) (©)

Figure 3-2. Model fitting based on the complexity of the model

4 High bias ! Good ! High variance
{(Underfit) | (Compromise)!  (Overfit)

Error

i Desired performance

Train error

A\

Level of model complexity

Figure 3-3. Model performance based on prediction error of the training and testing sets

In order to overcome the overfitting problem, the regularisation approach adds a
degree of bias to the regression modith considerably less variance. This type of
approach penalises the coefficient magnitude of the features as well as minimising
the error between the predicted and the true values. There are two common
techniques for this approach .i.Ridge and Lasso €hst absolute shrinkage and
selection operator) regressiof223]. These approaches differ in the penalisation
mechanism, where the former adds a penalty equivalent to the square of the
magnitude of coefficients, while the latter to the absolute value of the magnitude of
coefficients.
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3.4.2 Feature Transformation

The numler of extracted features determines the dimensionality of the data set. As
the dimensionality increases, the represented space grows exponentially requiring
substantially more axes to adequately sample the spa2ék With the growing
space, the data bemes increasingly sparse. In contrast to feature selection, feature
transformation mathematically determines the most important dimensions to be kept
while ignoring the rest. The idea is to find a smaller subset of dimensions that
captures the most vanah in the data. This reduces the dimensionality of the data

while eliminating irrelevant features, making successful analysis simpler.

A common technique for this approach is principal component analysis (RTC])

[223]. The goal of PCA is to map the data from the original high dimensional space
to a lower dimensional space that captures as much of the variations in the data as
possible. PCA aims to find the most useful subset of dimensions to summarise the
data.Figure 3-4a illustrates how twalifferent features X; (x-axis) and X, (y-axis),

are reduced to only one featutbe first principalcomponentPC;. In order to do

this, PCA finds a new coordinate system, in which the first principle component
PC,, captures most of the variation in the dafhe second principle component
which is orthogonal to the first one, captures the second greatest variantar, and
greater number of features, the list contindasPCA, the original data sample is

mapped to this new set of dimensions with minimal loss in information.

Despite beinga useful technique for reducing the dimensionality of a dataset, PCA
can be difficult to interpret since the new dimension in the transformed data no
longer has actual physical mean{2d9]. The PCA approach is often compared with
linear discriminant analysis (LDAR23]. PCA treats the entire data as a whole and
ignores the class labels (unsupervised learning) while LDA tries to explicitly model
the difference between class labels (supervised learning). Instead of transforming the
features into a different space, LDA draws a decision region between the given
classesFor example, three classes are giveRrigure3-4b (blue, red and green) for

two features,X; (x-axis) and X, (y-axis). As we can sed.D; gives a linear
transformation to the data which maximises the separatittmesclasses
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Figure 3-4. The illustration of (a) PCA and (b) LDA approach

3.5 Model Fitting

Predictive models can be categorised into two major classesifdifel predictions

and future behaviour predictiof225]. Prognostic modelling falls into the former
class while forecasting applications are the latter. For prognostics, the selected
features need to be monotonic and theyl weach an end point due to the
degradation processg.insulation thickness. Hence, a prognostic model tries to fit a
function with the aim of predicting when the threshold value will be reached.
Forecasting parameters on the other hand, are unlikelpetamonotonic but
continuous over time with no threshold valeeg. wind speed and ambient
temperature. Forecasting aims to make predictions at some time interval in the future
instead of predicting the RUL or TTF.

In the literature, prognostic approaclaes frequently separated into three categories:
physicsbased, datariven and hybrid approach§l6], [226] [229]. Physicsbased

uses mathematical equations to predict the physics governing failure thus requires
knowledge of failure mchanisms, properties of the material and operating
conditions. Datalriven on the other hand relies completely on the analysis of the
historical and current data. This data provides the critical threshold for RUL
estimation. Finally, a hybrid approachasmixture of both physiebased and data

driven techniques for a more robust and accurate prediction. Severalrigata
methods are discussed here to be considered as the learning algorithm for estimating

thefailure timefrom PD data.
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3.5.1 Regression Analys

Regression analysis is a modelling technique that investigates the relationship
between a dependent (respores) one or mormdependent variables (features)
[230]. There are various kinds of regression techniques available to make
predictions. The simplest method is linear regression. In a simple linear regression
model, a single response measurem¥énts related to a single featuns, for each

observation. This model iepresented by a linear function:
¥=A Bx e (3-19)

where F,‘- is the predicted responsa,is the interceptB is the slope of the linear

model, ande is the error term. In most problems where more than one feature is

available, this expands to the multiple regression function:
F=ABX ¢ (3-15

fori= 1, Nzaandj=%,1, F2vheeH isthe number of observations aRds
the number of features. For a nonlinear response, the best fit could be a curve with
the power of the independent variable more than 1. The polynomial regression

equation is given by:
F=ABXx BY .+ B® ¢ (3-16)

wheregis called thedegreeof the polynomial. However, an attemtu fit a higher

degree polynomial for a lower error may yield an oviedditnodel.

Other examples of nonlinear functions incle@onentiglinverse power, Gaussian,
logarithmig trigonometri¢ andLorenz curvesSome functions, such as the exponential
and invese power, can be transformed to a linear equation hence linear regression could
be performed. The exponential and inverse power law have been widely applied in
insulation life models as discussed irction2.8. Both functions in equation&-21 and

2-22 respectively, are rewritten here for further transformation into the linear forms.

Considering a negative relationship, the exponential function is given by:

¥ = kexpl x|
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and the inverse power function is given by:
= _ 1, ok
=k

The transformation of these equaticm® given by the equation8-17 and 3-18

respectively.
In¥z=Ink -k x (3-17)

log % = logk, -k, log x (3-18)

For the linear representation therefore, a semilog scale is used for the exponential
and a loglog scale for the inverse power function. Thand theB of the regression
function are usually estimated using Least Squares fitting. This technique finds the
bestfitting curve by minimizing the sum of the squares between the measurements
and the model. Forward selection and backward elimination (explain8dction
3.4.1.9 can be applied for multivariate analysis, which for the regression approach is

known as stepwise regression.

3.5.2 Artificial Neural Net work

Theideaof artificial neuralnetwork(ANN) originatesfrom the biology of thehuman
brain.An ANN consistsof input layer,oneor severahiddenlayersandoutputlayer
of processinglementg231]. A largesetof trainingdataallowsthe ANN to learnby
example.The processingelementcomprisesa nodeanda setof weights.The ANN

learnsan unknownfunction by adjustingits weightswith observation®f input and
output. Throughthe cooperatiorof many of suchprocessinglementgneurons)the

resultingnetworkstructurebecomegapableof learningvery complexfunctions.

One prognosismodel usingan ANN is often called the time delay neural network
(TDNN). This employsa sliding window approachfor the input and output data
which areusuallygivenin atime series[232]i [235]. For atime seriest of lengthm,
and userdefinedsubsequenckength, |, all possiblesubsequencesf t canbe found
by sliding a window of sizel acrosst [236]. In Matlab, the neuralnetworktoolbox

offersthreetypesof TDNN. Firstis the nonlinearinput-outputthat predictsa series
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of outputs,y(t) basedon | pastvaluesof an externalinput series x(t). However,it is
more accurateio useboth pastvaluesof the externalinput andy(t) (if available)as
the input for nonlinear autoregressivewith externalinput (NARX). Lastly, if no
other information is available,the nonlinear autoregressivg NAR) techniquecan

predictbasedn | pastvaluesof y(t).

3.5.3 Autoregressive Moving Average

Autoregressive moving average (ARMA) is a combination of autoregressive (AR)
and moving average (MA) techniques. ARMA is often used for ¢kam prediction

in time series analysis where the data is usually periodically repeated and non
monotonic[237]. The key feature of the technig is the serial dependence between
the measured values.ithe current measures are potentially influenced by previous
observations. The ARMA technique requires observation data to be weakly
stationary with constant mean and variance over [2B8&]. For the case of a nen
stationaryprocess or apparent trend, a differencing approach is commonly employed
to the variables and this generalisation technique is known as autoregressive
integrated moving average (ARIMA). The applications of ARIMA are mainly
forecasting of future behaviouna without considering threshold values.dand
forecasting [238], electricity prices[239], and wind speed predictiof240].
Nevertheless, there is also evidence of its use for prognostic applications such as in
[241].

3.6 Model Validation

Traditionally, the holdout approach is employed to increase the reliability of the
performance measumnghich the available data set is split into training and testing
sets[242]. The learning algorithm is then applied only to the training set while the
test set is used to evaluate the model. However, the evaluation may depend on the
choice of the sample sets. The model may yield very poor performance for an
unfortunate split wheall the test samples are outliers to the training samples. But, if
some of the outliers are treated as training samples, the performance could be

improved. This method is simple, but for a small number of samples a high bias
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model can be expected becawsery sample may be needed for model building
[242].

The estimation of the holdout method can be improved through the cross validation
(CV) approachH223]. In k-fold cross validation, the data set is divided ikgubsets,

where one of th& subsets is used as the test set and the bthek subsets are
combined together to form a training seheTevaluation is repeatddimes for a
different subset as the test samples. The performance is determined from the average
error of allktest samples. In this way, all samples are eventually used for both
training and testing. Every sample is testedeoand trained ok 1 1 times. The
variance of the error is reducedkas increased.

Whenk is equal to the number of available data points, it is called Jeaseut

cross validation (LOOCV). This means that the learning algorithm is applied ko the

i 1 samples with one sample left as the test sample. With a greater vi]lenger
computation time is needed since the learning process is refdedit@es. This
highlights the advantage of the holdout method over cross validation. LOOCV may
result in a low bias model but with a high variaf242]i [244]. The study inN244]
recommends Hbld CV over LOOCV as moderatevalues k = 10, 11, 12, €,
have smaller variance. The variance is also considerably small when compared to

smallerk values k= 2, 3, 4, 5).

The bootstrap method is a smoothed version of cross valid2d@h, [245], [246]

In this method, the training set has the same size as the original set. That means,
when a number of samples are seleétedesting and the remaining samples are the
training set, some of the training samples will be duplicated so that the sample size
equals the original size. The original bootstrap method is descrifjadahto have a

low variance but a high bias. Therefore, a modifietsion called .632 bootstrap was
proposed to decrease the bias. Still, the modified bootstrap can be unstable for a
small number of samples, hence another version called .632+ bootstrap was proposed
[243]. However, for alarge number of features, LOOCV aikefold CV might

outperform this latest versida42].
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3.7 Model Performance

For a regression model, prediction of future values can be performed through
extrapolation A well-fitting regression model results in predicted values close to the
observed data Wwes. The characteristics of these two values can be measured using

goodnessf-fit (GOF) statistic§246]. These statistical measures are mostly based on

the three parameters showrFiigure3-5a i.e the actual response; , the average of

Y., Vi, and the fitted responseﬁ. The differene between the actual and fitted

response gives the residual of the model which is the error term in equifidrie
3-16.

e=y -¥ (3-19)

The residuals are usually visualised graphically to illustrate their behaviour so that
the relationship between the model and the actual data can be observed. The model is
said to fit the data well if the residuals appear randomly around Emgare 3-5b

shows the residual plot &igure3-5a.
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1 | | | 1
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X
(a) Linear regression
1‘5; ] ] I | I |
1.0 .
0.5¢ ) ]
e o
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-1.0p 1 1 1 1 L ! 1 ! 1 .

1 2 3 4 5 6 7 8 9 10

(b) Residual plot

Figure 3-5. Example of a best fitting for a simple linear regression
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The three response parameterEigure3-5a are used to compute the sum of squares
due to error, SSE, the sum of squares of the regression, SSReandt of squares

about the mean, SST as follows:

N

SSE=g (v -B) (3-20)
SSR;'aN (& Y (3-21)
SSngi( y Y (3-22)

i=1

whereN is the total number of observations &f#8ll= SSE+ SE The SSE gives the
total deviation of the fitted values from the actual values. From SSE, the mean
squared error, MSE and roobean squared error, RMSE are computed using
equations3-23 and 3-24 respectively. These two measures are examples of GOF
metrics. The coefficient of determinatioR?, is another GOF measure that can be
determined using equatid@25. R-squared ranges beden 0 and 1, where 1 means

the model explains all the variation of the independent variables.

MSE:STSE (3-23)

RMSE=+/ MSE (3-24)

R? :S_SR 4 iS| (3-25)
SST SS

R? assumes that every independent variable in the model helps to explain variation in
the dependent variabl§246]. However, some independent \aoles may not
contribute and should be penalised. To cater for Riiis modified to adjuste&:

N-1

Ra' =1 {1 R) -3 (3-26)

where N is the size of the sample amidis the number of independent variables.

Every time a new parameter is added to the mdgfelyill increase irrespective of
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how well they are correlated to the dependent variable. Converﬁggjﬁ, increases

only when the correlatiorxests.

A survey of the metrics used to evaluate model performance hasibeerakerin

[225], which classified the metrics into four subcategories: accuracy, precision,
robustness and trajectory. MSE and RMSE contribute to the accuracy of the model
performance as they measure the closeoksfise predicted value to the actual one.
The precision reveals how closely the predictions are clustered together and can be
represented by standard deviatian Robustness measures the sensitivity of the
predictions with changes of algorithm parametatiations or external disturbances.
Meanwhile, the definition trajectong not clearly defined. As a result, four metrics

are proposed if247] that evaluate the model algorithm systematically, one metric at

atime.

The first metricprognostic horizorfPH), determines the difference between the time
index when the predictions first meet the specified performance criteaad the
time index of actual end of life, EoL as given in equat®87. The specified
performance criteria can be tha-bounds as shown iRigure3-6. The time indexes
when RUL predictions of algorithm 1 and 2 enter tleebounds are denoted as
andi, respectively. Inserting the time indexes into equati#fY 3esults inPH; that

is larger thanPH,. This means algorithm 1 has better performance since its

predictions enters thfea-bounds earlier than algorithm 2.
PH = EoL -i (3-27)

RUL —@- RUL predictions algorithm 1
—()— RUL predictions algorithm 2
Actual RUL

*a accuracy zone

PH,
PH,

! i L Time
iy I Eol

Figure 3-6. Prognostic horizof248]
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If an algorithm yields a reasonable prognostic horizon, the next metric,

accuracy can identify whether the predictigns fall within desirederror margins
(specified byparametet)) of the actual RULL, at specific time instances (specified
by the par ameabmary oatput i.btyue ay falgei tonthge condition in

equation3-28. Referring toFigure 3-7, the accuracy zone is given 28l.(i;) atany

value ofi,, where the lower and upper boundariesfafie) @1 a)andr.(i, )@ &)

of equation3-28 respectively.This means only predictions(i,), that fall within the
cone of accuracy ifigure3-7 satisfy thea-l accuracy metricA positive result can
be further evaluated by compariragl accuracywith the actual RUL using the

relative accuracy{RA) metric in equatior3-29.

L)@ a) reé) r.¢)@ 9 (3-28)
RA=1 |r*(|/)' <I’6 /)>| (3_29)
rLa,)
R/UL —@— RUL predictions algorithm 1

—(O— RUL predictions algorithm 2
Actual RUL

Toure accuracy zone

ol =>Time

£
i i
A1 Az

Figure 3-7. Concept ofa-/ accuracy[248]

The RA is expressed at a speciiime thus not represesithe general behaviour of
the algorithm.Evaluating the RA at multiple time instancejuires an aggregate

measure i.ecumulative relative accuradfCRA) which can be expressed as:

L4 wi)ra (330

CRA=
|S/ | il's,
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wherew(r(i)) is a weight factor as a function of RUL at all time indicgss the set

of all t; when a prediction is made argd |s the cardinality of the test.

Finally, when all the three metrics are satisfied, dbevergencenetric in equation

3-31 quantifies how fast the algorithm improves with time.

C, :\/(x; t) ¥ (3-31)

whereCy is the Euclidean distance between the centre of nxasg) and {p, 0).

The centre of mass of the area under the cluiyg,is defined as follows:

1 i=P
X = EIoUP (3'32)
2& (ta-t MO
L8 (-t )MO
Ye = €t (3-33)
A (tu-t)M@)

i=p

where EOUP is the time index for last useful prediction made.

3.8 Summary andConclusion

In failure prognosis, pysicsbased modslmight have a direct relation with the
degradation mechanisrilowever the understanding of the underlying process/
not fully relevant in practice, hence limiting its implementation. Instead;diatan
approach could be applied tostorical degradation data for the development of
prognostic model. Employing PBata as the degradation measur@redicting the
lifetime of insulationis a concept ofType Il prognostic algorithm. yipe Il or
degradation basealgorithmapplies an indirect measuoader theconsideation of

operatingcondition to characterise the lifetime.

The stepby-step procedure in developingpeognostic modeils generallycomprises

six stages The first stage is pfprocessing the degradation data whicly include
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normalisation, standardisation outliers detetion. Normalisation or standardisation
is necessary when features with varying scatesgrouped togetheOutliers in data
set may be due to variability in the measurenwmrgéxperimental errorgdentifying
the outliers and assessing their impacts ldidwelp the decision either to include or

remove the outliers.

Second, evaluating the suitability of the extracted features as prognostic parameter
would indirectly aid the third stage, i.eedturereduction This can be done by
selecting features based three qualities metrics: monotonicity, prognosability, and

trendability

In datadriven technique, model selection involves the process of model fitting either
through regression analysis or machine learriRegyression is the simplest technique
for proghostic study, hence should be prioritised in developing the model depending

on the behaviour of the selected features.

Next, validation of a prognostic model can be done by applying the model to a new
set data. For a small size of data, cross validation or bootstrap technique is preferred

than holdout sincall samples can be used for both training and testing.

Finally, the performance of the prognostic model should be evaluated based on
predictions from the test set datéour model performance metrics (prognostic
horizon,a-I performance, relative accuracy, and convergence) propog2di/ijcan

be considered for evaluating the performance of the model.

This stepby-step procedte isthe guideline applied in this thesis, for developiag
prognostic modelising PD data from electrical treeing experiment, which contribute

to failure prognosis in cable monitoring.
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Chapter 4
ldentifying Prognostic Parameter
from PD Data

4.1 Introduction

AutomatedPD data analysis systems have been shown to correctly diagnoses defect
causing PO10], [79], [91], [96], [122], [131], [212], [213]This thess explored the
extension of the concept towards predicting evolution of the defect; moving beyond
diagnostics towards prognostic¥his research workemployed PD data from
electrical treeing experimemescribed in the next sectiovhich incorporatedoth
fundamental50 Hz) and composite waveformnis. reference tdahe published works

on PD diagnosisa total of 31 featureareextractedrom the PD dataising PRPDA

and PSA In this thesis the behaviour of the featurewer timeis observed and
evaluatedusing three performance metrics i.eaonotonicity prognosability and
trendability. The extracted featuremight be redundant or not relevant. Therefore,
filter technique which is the simplestfeature selectiorapproachis employed to
redu@ the size of the featured he relationship betweethe behaviour of the
selected PD featurand the harmonic properties is identifiaald to be considered

themodeldevelopment
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4.2 Electrical Treeing Experiment

The prognostic model developed in this woikk based on electrical treeing
experiment done by Sanjay Bahadoorsingh at the University of Manchester in 2008
[18]. An in-house test facility and PD instrumentation was developedruhee
Electrical Energy and Power Systems group in School of Electronic and Electrical
Engineering, University of Manchester to investigdite influence of harmoniosn
electrical tree growth and breakdown timgs3], [249, [250] as well as the

influence on partial discharge patterns due to electrical tréEnig.

4.2.1 Test Waveforms

As discussed in Section 2.7, Montanari and Fabjaéb] have formulated three
measures to ascribe the amplitude and waveshape of composite waveforms, i.e.
peak parameteriK, RMS parameterK.,s and waveshape parametéfs as in
equation-18to 2-20 respectively. Among the three paramet&gswas found to be

the most prevailing in lifetimeeduction[164]i [167] as the harmonic distortion may
increase the peak valje. The change in peak however, does not necessarily changes
the RMS voltage, henc&s is less dominant thali,. An increase in peak voltage

will increase the voltage slopdwdt, which is related tdKs [251]. In [170], the
increase irdwdt was claimed to increase PD activity thaswas found to be more
dominant tharK,. In contrast, research jA51] found thatks was the least dominant

among the three parameters.

Due to the contradict ideas on the impacKebn the life redction, Bahadoorsingh
then investigated the influence of oy parameter (equatio2-20) to the insulation
lifetime, i.e.K, = Kims = 1. The investigation also considers the THD (equéiaid)

which is also a waveshape measure. BGfland THD are rewtien here to aid the

interpretation of composite waveforms explained in this chapter.

2,

R

(@}

Na
THD = |4 &

N
m2cU;

(@}
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The research incorporated the use of both fundamental (50 Hz) and composite
waveforms. The composite waveforms were characterised by harmonic components
superimposed onto the fundamental. Six composite waveforms were selected based
on analysis of many coropite waveforms with varies and THD values. These
composite waveforms are produced using a peripheral component interconnect (PCI)
based arbitrary waveform generator (AWG) and an amplifier that capable of
reproducing waveforms with an output in the mangf + (2630) kV. The peak
voltages of all waveforms are kept constant at 14.4 kV. At this voltage, the recorded
PD is assumed to have originated internally from treeing activity and/or externally
due to imperfecboundaries in the physical setiif8]. The mathematical expressions

of the fundamentaly and the six composite waveforntsfo v B a na

are given irequations 4l to 47 where the subscripts refer toweagroup detailed in

Table 41.

u,(g) =10.25/ A sin g+0.4sin 3) (4-1)
u,(g)=10.18/ A sin§ (4-2)

Us (9) =9.74/2( sin g+0.05sin 5) (4-3)

U, (¢) =10.4/2( sin g+0.05sin 7). (4-4)

u,(q) =9.35/2( sin g+0.178sin 7), (4-5)

R eI
0.(q) :10.18fésinq+ 0.02(sin5g+sin7 g+sinll g “7)

c in13y+ sin23g+sin25 g
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The fundamental 50 Hz signal is represented by Wave 7. Among the composite
waveforms, Wave 1 represents the most distorted waveform4@®t of THD due

to the & harmonic. This very high THD value is in reference to work reported in
[30], [174]. The value intentionally exceeds the maximum allowable THD in IEC
610002-4 [172] in order to highlight the impact of voltage distortion on the
electrical tree growth since no significantpact was found for lower THD¥Vaves

8 and 9 employ the"sand 7' harmonic orders respectively with THD = 5%. TH& 7
harmonic order is also employed by Wave 11 but with higher THCKaedmpared

to Wave 9. Both Wave 12 and 13 utilize six harmonic orders i.e.th&™s 11",

13", 23% and 28" with Wave 12 having higher THD ari than Wave 13. All the

waveforms are plotted iRigure4-1 andFigure4-2.

Table 4-1. Properties of theeven test waveforms

Properties
Wave Harmonic % Magnitude per Phase K THD%
Order Harmonic
1 3 40.0 0 1.56 40.00
7 1 0.0 0 1.00 0.00
8 5 5.0 0 1.03 5.00
9 7 5.0 0 1.06 5.00
11 7 17.8 0 1.60 17.80
12 5,7,11, 13, 23, 25 3.2 0 1.60 7.85
13 5,7,11, 13, 23, 25 2.0 0 1.27 5.00

/\—/; Wave 13
- - Wave12
/_—/\/\-—\_—_\f\—/__/ Wave 11
= - Wave9
- -| Wave8
/—K/ Wave 7
/\/\—/—\/ Wave 1

\ \
0 90 180 270 360
Phase (deqg)

Figure 4-1. lllustration of the test waveforms definedTiable 41
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Figure 4-2. Test waveforms with 14.4kV voltageak

4.2.2 Insulation Sample

Researchin [18] employed epoxy resins produced by Huntsman as the insulation
sample in electrical treeing experiments. The insulation sample is prepared by
mixing the epoxy resin (Araldite LY 5052) and an amine hardener (HY 5052) using
a weight ratio of 100:38. This mixture was vacuumed for almost an hour to remove
embedded bubbles. The epoxy resin is encased in a hollow acrylic square cube of 25
mm side. The sanigs are tested usin@ pointplane test arrangement. The
hypodermic needle with a tip radius of
mm was set with a plane separation gap of 2 £ 0.5 mm as shdviguie4-3. Most
hypodermic needles are coated with a transparent lubricant to reduce frictional forces
permitting easy movement of the needle under human [8Ki2]. This lubricant
coating is removed by soaking the needles in Silstrip for 72 hours. The commercially
available chemical Silstrip derives its name from its silicone stripping attributes
[252].

Hypodermic needle

4

Epoxy
resin
sample

25mm

‘*\%\ 2mm
/;>

b 25mm

Figure 4-3. Schematic of epoxy resin sampib2]
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4.2.3 Partial Discharge Measurement

The developed Hmouse test facility includes a partial discharge measuring system
with the ability to plotPRPD[18]. The PD instrumentation systemonitored and
recorded electrical PD activity in accordance with the IEC 60270, High Voltage Test
Techniquesi Partial Discharge Measurements standpgtd] over the frequency
range 100 to 400 kHz. The system can be divided into two parts: hardware and
software as shown iRigure4-4.

PD DETECTION

Wideband LAthIEW
balanced I_i 'a.
L acquisition
g o
AMPLIFIER 5112 PD MATLA,?.
Non-inverting &rtzcnzgln;ilson PD
& pci Gy Analysis
FILTER
2"d order LABVIEW
Chebyshev PRPD plot
bandpass
HARDWARE SOFTWARE

Figure 4-4. Overview of partial discharge measuring system

The hardware part includes the PD detection ciramtplifier circuit and filtering
circuit. Electrical PD detection is utilised in accordancéghlEC 60270 standard
[75]. Instead of using a straight detection circuit, a wideband balanced circuit is
employed which reduces the disturbances from the range of -3® pC to 10 p€

11 pC. The distirances might be due tbe high voltage amplifier when energized

at zero voltage, external high voltage tests in the vicinity, internal noise from the
measuring system, switching operations in adjacent ciraodsradio transmissions

etc [75]. This arrangement yielded a minimum detectable le¥eb.b pC at a
multiplier of 50 pC/V. The detected PD pulses are amplified using anventing
amplifier of variable gaimf approximately 100. The filter circuit implements tHé 2

order Chebyshev bandpass filter with frequency response of 100 kHz to 400 kHz.
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The software part contains data acquisition, PD recognition and analysis and finally
PRPD plot. The peripheral component interconnect (5112 PCI) from National
Instruments (Nlis used for data acquisition of input signal from PD measuring
system. Through the LabVIEW environment, data from the PCI is processed and
analysed in Matlab and finally exported back to the LabVIEW platform for PRPD
plotting. The partial discharge pointgre superimposed onto a reference waveform
plot and continuously updated to produce an output display as shdviguire 4-5.

The x-axis representthe phase locations in degrees whilst yraxis is formatted in

pC for partial discharge activity. For each PD, the apparent charge and excitation
waveform phase position are logged in LabVIEW Measurement (.lvm) format.
Discharges are collected as bursfsactivity (hereafter called PD burst or PD
pattern). The raw PD data were collected at a sampling rate of 5 MSamples/s over
periodic 80 ms windows of continuous capturbis data is sufficient for PRPD and
PSA approaches.

500

Discharge (pC)

0 180 360
Phase (deg)

Figure 4-5. PRPD plot from the PD instrumentatifit8]. Red points represent the apparent
charges while the blue line represents the applied voltage.

4.2.4 Experimental Procedure

The electrical treeing experiment involved a total of 42 samples with six samples
tested under the influence of each (of the seven) composite wav¢i@jmshe plan

of the experiment is summarised Figure4-6. The first stage is to initiate electrical

treeing under the influence of 50 Hz at 18.0 kV peak within 30 mintibs
initiation is indicated by an electrical
that sample was discarded and a new sample was setup for testing. After 30 minutes,

the composite waveform was increased to 14.4 kV peak and maintained for a
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maximum of 2.5 hours as the excitation waveform. During this second stage, partial

discharge readings were recorded continuously in 5 minute batches and visual
images of tree growth were captured for every 2 minutes. If the breakdown occurs
during this stagethe time was recorded, otherwise, a ramp process was invoked in

the final stage increasing the voltage at rate of 1 kVrms/min fromkl0i624.8 kV

peak. Should the sample breakdown within ten minutes, the breakdown voltage was

recorded.

STAGE 1 STAGE 2 STAGE 3
Initiation Growth Ramp
S50Hz Composite S0Hz
Waveforms
18.0kV 14.4kV 10.6kV
peak peak peak to
24.8kV
peak
<30 mins 150 mins 10 mins
Time
0 30 180 190" (mins)

Figure 4-6. General plan for each sample under &8}

4.2.5 Sample Properties

The exercise explained iBection4.2.4was originally to comprehensively analyse
the influence of power quality (as a function of the composite waveforms due to
THD andKs) on electrical tree growth and breakdown times for all 42 samples tested
[173], [249], [25Q. However, in this research, the prognostic modelling is derived
from the results of the samples that breakdown in Stage 2. Out of 42, only 31
samples reached breakdown within 2.5 holilse time that the first tree branch
touching the ground electroaeasalso recorded.Table4-2 shows the identification

of the 31 samples and both the touch ground tigagand the breakdown timég.

The sampls are labelled according to the group of the tested waveform, the batch of
the samples and the sample number as showigure4-7. From 31 samples, one
sample from each wave group was randomly picked as the test samples with the

remaining 24 samples as the training.
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Table 4-2. Breakdown time of 31 samplgk3], and training/testing split

Stage 2

Stage 2 Stage 2 Stage 2 . )
Wave RMS Peak Sample  Touch Breakdown Training Testing
K K ID Ground T i
kv) (k) Time (miny 1ime (min)

077332 50 93 )
077343 45 103 o

7 10.18 14.4 .
077355 45 115 o)
077383 43 130 5

097325 30 122 0]
097344 48 123 0]

9 10.40 14.4 097381 37 107 0
09T412 47 138 o
09T421 - 71 o

127342 43 123 o
12T373 40 113 o
12 10.21 14.4 ~
127394 40 138 ]
12T424 38 77 )
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Group of the tested wave Unique sample identifier (1-6)

017346

Figure 4-7. Format of sample ID

4.3 Analysis ofPartial Discharge Data

This section describes the process of extracting PD features using PRPDA and PSA
approachesA total of 31 features were extracted i.e. 24 from PRPDA and 7 from
PSA. These features are mostly used for failure diagndsisthis thess, the
diagnostics concept is extended for predicting TAé. Hence, the dwaviour of

these features over time is analysedwell as lte impact of the harmonics dhe

f e at hehagau

4.3.1 PhaseResolved Partial Dischargé\nalysis

This work employed thphaseresolved technique described in Sectoh.2.1 A total
of 24 statistical featurewere extractedising equation2-6 to 2-9 considering both
positive and negative half cyclegigure 4-8 summarizes the flow of PRPDA
reported in this work with more detailed description i fibllowing subsections.

STATISTICAL
svARiaBles  EEEp  2vARiasies  EEp oo ER

* Mean

oH (@) ® Standard
@-g-n Hopl) Deviation
Homl ) * Skewness

* Kurtosis

Figure 4-8. The flow of PRPDA

4.3.1.1 Gg-nPlots

Phaseresolved analysis focuses on phase distribution thus the three important
parameters(i-g-n, were plotted in two axegi-q, where the pulse repetition rate is

illustrated by the intensity of discharges. The PRPD patterns of all training samples
were observed from the start of treeing until breakdown occurs to get the general

idea of how the pattern changes.
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Figure 4-9 shows thes -g-n plots of treeing samples, taking one sample from each
wave group during early and late growth imminute batches. Generallywae PD
clusterscan be seen, i.¢ghe positive PDs which dominantly occurred along the rising
edges of the voltage waveform and the negative PDs along the falling edges. These
two PD clusters are growing in both axes directions throughout the treeing process
but remain sparated because no PD activity occurs after the peakiead zones

This can be seen in all test waveforms exdeptWave 1due to high distortionin

the literature, e PDoccurrence is mostly reported the first and third quadrant
However, during the late growth, we can see the PD slightly enters the second and

fourth quadrant. Those PD might be due to the residual charges in the PIB§jte

Among the six compsite waveforms, only Wave 8 h&ago peals per voltage cycle
resembling the fundamental, Wave With low THD andKs, the resultanPRPD
looks similar to the fundamentaDn the other hand, the PRPD patternotiier
composite waveforme/hich havefour pe&ks pervoltage cyclediffer from Wave 7
and 8 showing clearer harmonidluence Although the PRPD patterns of Wave 12
and 13 are greatly affectddue to more than one harmonit)e resultant PD can
still be separated into twdusters New PD clusterseem to grow in Wave 9 and 11
(7" harmonic) at around10~and290 where the rising edge of the second peak is.
The distortionhowever,is not high enough to induce negative PDRhatfalling edge

of the first peak as shown by the six PD clustergvafre 1(3" harmonic) Hence,
only 4 clusters can be seen in Wave 9 andrhg. extra two clusters however can be
merged to the original clusters since their phase occurrence is within the range of

original cluster.

The most affected PRPD pattern, Wdvdas the highest THD and slightly low&y

than Wave 11 and 12. This means the impact of THD on the resultant PD clusters is
greater tharKs. Also, it can be concluded that the waveshapk®PRPD patrn is
greatly influenced byhe harmonic order. Aeforms with higher harmonic order

will have more rising and falling edges thus rasgltin more distorted PRPD

patterns.
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Figure 4-9. The PRPD pattern from each wave group during (a) early growth and (b) late

growth. Red points represent the apparent charge while the blue line represents the applied

voltage.
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Prior to breakdown, three changes be spotid fromFigure4-9 as listedbelow:-
1 The number of PD pulses per voltage cycle increases
1 The maximum PD magnitude increases
1 The phasaélistribution widens

The listed changes are shown graphicallfigure4-10 taking Wave 11 fronfrigure

4-9 as an example. The number of PD pulses is represented by the red points which

are sparsely dispersed during the early growth and turn denser towards breakdown as
indicated with the circles. The maximum discharge can be seen to increase from 50

pC to 300pC as well as phase distribution from %0 120 (positive PDs)The (i-g-

n plots of all samplesverethentransformed to the twaariable plots as described in

the next sectiobefore extracting the statistical features

Wave 11

400, 4001
o G 300f----
= & Lo
o o
G Y
© ©
3 3
[=) a

-400 -400

0 920 180 270 360 0 20 180 270 360
Phase (deg) Phase (deg)
(a) Early growth (b) Late growth

Figure 4-10. The changes of PRPD pattern for a sample tested with Wave 11. Red points
represent the apparent charge while the lihe represents the applied voltage.

4.3.1.2 Two-Variable Plots

The twovariable plots were derived from theg-n plots for the convenience of
comparison between the number of PD puleeand the discharge magnitudg,In
reference tq111], the discharge magnitudg, is represented by the average and

maximum values. Thus, three 2D phase distributions were selected for further

analysis:
1 The distribution of the number of dischargds(/ )
1 The distribution of the maximum values of dischar¢ga{/ )

1 The distributim of the average values of dischardeg(/ )
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To generate those three plots, the one voltage cycle of i86@ivided into 60
buckets giving each bucket & smooth out some of the phase variability of FD
illustrate this, oneuarter (0 - 90) of voltage cycle with 15 buckets is considered as
shown inFigure4-11. For each bucket, the number of dischargs the maximum
value of dischargeHqmax and the average value of discharblg, are determined
where Hqmax and Hqn are using absolute values. These values are plottégyime
4-12 showingthe three 2D phase distributions in referenceigmre4-9.

200

100+

Discharges (pC)
o
T

-100f

-200 i | i i i i i i i i i i i i
0 6 12 18 24 30 36 42 48 54 60 66 72 78 84 90

Phase (deg)

Figure 4-11. Fifteen buckets imne-quarter voltage cycle

As mentioned prewusly in Sction4.3.1.1 the positive and negative PD clusters in
Figure 4-9 are clearly separated because of no PD activity after the peaks which
gives gaps between the clusté8sme of these gaps however, are not clearly shown
in the 2D distributionsespecially when the gaps became narrower during the late
growth as shown irFigure 4-12b. The number of peaks of the nremusoidal
waveformsand the dad zone can been seen clearest iHtlig) distribution.When
comparing theHgmad{/ ) with Hqa(/) distributions, the patterns look similar except
thatHgn(/ ) can sometime gives patterns where the positive and negative clusters are
difficult to be identified as in the late growth of Wave 1 and Wave 11.HHg )

also behaves differently in the late growth of Wave 7 and 8 with a sudden rise before
or after a fateau. It can be concluded thag.(/ ) is the leassimilar to the (i-g-n

plots inFigure4-9.

94



Wave 1

(od) se8ieydsiq

400
0

(=]
[=]
o

2

sas|nd ad J0 1aquiny

(od) se81eyasia

100

400

sas|nd ad J0 JaquinN

180
Phase (deg)

920

270

180
Phase (deg)

Wave 7

(od) se81eyasia
=3 =}

40
0

o
1]
S
-t
sas|nd ad Jo 1aquiny

2000

(od) se8seyosia

5
0
360

40

sas|nd ad j0 Jaquiny

180

180 270

Phase (deg)

920

Wave 8

(od) sa8aeydsia

sas|nd ad Jo 1aquiny

(od) sa8seydsia
8
-

8
] S
sas|nd ad J0 Jaquiny

Phase (deg)

Phase (deg)

Wave 9

(od) sa8seydsia

400
-200

o
<3
1<)
~N
sas|nd ad 40 Jequiny

4000

(od) sa8seyasig

150

150

sas|nd ad Jo Jaquiny

180
Phase (deg)

90

Wave 11

(od) se8ieydsia

400
0

o o
o (=]
[=] o
~N -

sas|nd ad 0 Jaquiny

(od) se8aeyosia

100
360

00

-
sas|nd ad j0 Jaquiny

Phase (deg)

Phase (deg)

Wave 12

(od) se8ieyasia
o

o
~N

400
0
360

(od) se8seydsia

/o
SN
o~
_
%0
Q
2
g2
s
" £
1 Y
/o
o
o o C] o )
8 8 2
< ~ -
sos|nd ad 40 Jaquiny sas|nd ad 0 JaquinnN
o
-
o
>
o
s
(od) se8.1eyosia (od) sesieyasia
Q o
© o o
- ® ©o a2 o
o ©
o0 o0
o 1o
~ /
/N '8 ﬂ
o
s
o
@9 ]
© -
=
o
9
&
°

400

sas|nd @d 0 1equiny

300

sas|nd ad 4o Jequiny

Phase (deg)

Phase (deg)

(b) Late growth

(a) Early growth

Figure 4-12. H, (dashed blue lineHymax(solid green line) andly, (solid red line)

distributions ofFigure4-9.

95



4.3.1.3 Statistical Features

The three changes to the PRPD pattern observeékdtion 4.3.1.1 are examined
through four statistical moment®1]i[94] i.e. mean,*, standard deviations,

skewness$k, and kurtosiskKu.

The changes in theumber of PD pulses can be tracked from thand s of the
Hn(/ ) distribution and changes in maximum PD magnitude froni thed s of the
Homa{/) and Hqn(y). Both © and s are expressed irequations2-8 and 2-9
respectively wher¢he input variablesg, and the number of samplds, would be
the properties of thdischarges ignoring the phase values.

In order to investigate the correlation between the changes in phase distribution and
the PD pulse height (eithéfn(/ ), Hgma{/ ) or Han(/ )), the skewness and kurtosis of

the three 2D phase distributions were determined. Moreover, it is mentiof in

that discharge parameters of a single defaotbe fairly well described by a normal
distribution process including skewness and kurtosis. In this case, the phase values
are treated as grouped data where PD pulse heights are the frequess;if;. The

mean, standard deviation, skewness and Kistd a grouped data cdre determined

using equationg}-8 to 4-11 respectively.The kurtosis is in the form of excess

kurtosis which is relative to normal distribution kurtosis.

a 1x
= (9

(4-9)
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Sk="=—— (4-10)
s*a f,
i=1
é fi ()§ - /7)4
Ku=12—0 (4-11)
s'4 f

As a result, for each 2D plot, four statistical moments are calculated for positive and

negative PDs separately, giving a total of 24 features as tabulatatle?d-3.

Table 4-3. The total of 24 statistical features from PRPDA

Statistical Features

2D PRPD
Distributions Positive PD Negative PD
H, pos p Hnneg u
_ H, poss H,negs
Hn(/)
H, pos sk Hn, neg sk
H, pos ku H, neg ku
quaxpoS 9} quaxneg H
_ HymaxPOS S Hgmaxn€gs
quax(/ )
HgmaxPOS sk Hgmaxneg sk
HgmaxP0S ku HgmaxnN€g ku
Hgn pOS [ Hqnneg p
_ Hgn POSS Hqnnegs
an(/ )
Hqn poOs sk Hqn Neg sk
Hgn POS Ku Hqnneg ku

As mentioned previously, the phase range is widening throughout the tree growth.
Referring to theH,(y/) distribution in Figure 4-12, we can see the ptse PD

clusters of Wave 7 widening from 0@ 90 in early growth to 300- 120 in late
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growth. No PD was recorded after 12@8lightly after the positive peal)ntil the
negative PDs start to occur at around 146til 300 (slightly after the negative
peak).Wave 8 hasa similar patterno Wave 7 thuswasexpected to have the same
phase range. Although Wave 9 and 11 have extra clusters of positive and negative
PDs (sedi-g-n plots inFigure4-9 and 2D plots irFigure4-12), both have the same

phase range as Wave 7da@ since the extra clusters are within the range. For the
cases of Wave 12 and 13, no extra PD cluster appears, therefore they result in the
same phase range. The special case only applies on Wave 1 which has three clusters
of positive and negative PDshus, giving a different phase rang€able 4-4

summarigs the phase ranges of all test waveforms.

The PRPD pattern of each sample is recorded for every 5 minutes until breakdown
occurs. In order to identify the prognostic indicators, every 5 minute 2D PRPD
pattern is represented by the 24 statistical featur@salie4-3. The mean, standard
deviation, skewness and kurtosis of the positive and negative 2D phase distributions
of all 24 training samples are shownHRigure4-13 to Figure4-20 respectively. The
features are plotted in referencetihe TTF as indicated in equatioft12 wheret; is

the current time antlqis the breakdown time. This is to aid observation on the trend
when reaching breakdowpoint. The colour of the line graph represents the test

waveform group.

YYO o 0O (4-12)

Table 4-4. The phase ranges of positive and negatixdes for each test waveform

Phase Range ()

Wave
Positive Cycle Negative Cycle
1 ;5?8':': 156- 220
332.:. 3?9 28871 335
A
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Figure 4-14. Mean of negative (&jin(/ ), (b) Hgmad/ ) @and (C)Hqn(/ )
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Figure 4-16. Standard deviation of negative &)/ ), (b) Hyma(/ ) and (c)Hga(/ )
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The effect of harmonics can be seen in the skewregaré4-17 and Figure 4-18)
and kurtosis Kigure 4-19 and Figure 4-20) rather tharthe mean Figure 4-13 and
Figure 4-14) and standard deviatiorFigure 4-15 and Figure 4-16) with Wave 1
showing the most deviating pattern. This is because Wave 1 has the most distorted

waveform resulting in a different phase rangeTable 4-4 compared to other test
waveforms.

Overall, positive and negative PDs show a similar trend for all four features. For
each 2D phase distribution, the mean and standard deviation seawetaimmilar
behaviour either positive or negative PD pulseddj¢) distribution, both features

rise rapidly during initial growth and start to fluctuate during intermediate growth
before a sudden decrease just before breakdown oddwss, the increasin PD
occurrencei(e. Hn(/)) highlighted in Sectiod.3.1.1can only be claimed for a part

of the tree growth due to the sudden fall near to breakddla same behaviour has
been reported ifl161] for surface tracking where the number of PDrisréased

throughout the deterioration but decreases rapidly right before breakdowrs

Interestingly, during the sudden decreaséigf ), mean and standard deviation of
Hama{/ ) @andHgn(/ ) experience a sudden increase after a period of gradualsacrea
To add more, lte increase in PD magnitudélygmal/) and Hgn(/)) is proven
throughout the growth with a slow rise at the start and change rapidly near the
failure. This behaviour can be seen cleardfigure 421 with the plots of mean and

standard deation of the 2D phase distributions of a sample tested with Wave 11.

Mean Standard Deviation
1000 500 1000 200

— Positive Hy,

--- Negative H,

— Positive Hgmax
- Negative Hymax
— Positive Hgn

~ Negative Hgp

Hn

(od) ¥byy / xewby;
Hp

(od) uby / xewby

0 ‘ = T . N . 0 P
-140 0 -140
TTF (min) TTF (min)

(@) (b)

Figure 4-21. Positive and negativel,(/ ),Homal/ ) andHg.(/ ) distributions of a sample

tested with Wave 11 (a) mean, and (b) standard deviation
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It is difficult to observe the behaviour of skewness and kurtosisguare 4-17 and
Figure4-18 because the range of Wave 1 is dominant compared to others. Therefore,
the skewness and kurtosis agploted ignoring the Wave 1 as shownFRigure4-22

to Figure 4-25. Despite the small ranges of the skewness and kurtosis, we tan stil
observe thathe early growthof Hn(/) is more positive compared to late growth
However, sme of the samplesdehave differently inHgma{/) and Hgn(/)
distributions Although phase distribution is found in Sectidr8.1.1to increase
throughout theéree growth, this observation only considered the phase itself without
correlating with the PD numbers or magnitude. The measure of skevarel
kurtosis perhaps can give the impact of the PDs in the phase distribution. Thus, the
skewness and kurtosis of pure and lightly distorted waveformsagilye a slight

change while thgreater harmonic distortion result in a greater changes.
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Figure 4-22. Replot of skewness of positive PDsHigure4-17 ignoring Wave 1
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Figure 4-23. Replot of skewness of negative PDd-igure4-18ignoring Wave 1
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Figure 4-25. Replot of kurtosis of negative PDshigure4-20ignoring Wave 1

4.3.2 Pulse Sequence Analysis

It is mentioned irf96], [253], that the voltage differences do not occur at random but

in specific sequences due to space charges built up by the discharge process. Thus,
the sequence of the voltage difference betweenconsecutivd’D pulsesdu, is an
important parameterin PD metanism This parameter is calculated by first
examining the instantaneous voltagé), using one of equationd1 to 4-7, with
consideration of the waveform group.Mave 1, 7, 8, 9, 11, 12 or 13. THeis then

determined using equati@rl3 wheren refers to the current PD pulse anatl to the
previous one.

Q6 o6 o (4-13)

The behaviour oflu is illustrated in the plots dfigure4-26 showing the PD pulses
overlaid on the three cycles of instantaneous voltage for a sample tested under Wave
7 (fundamental) at early tree growtlriqure 4-26a) and immediately before
breakdown Figure4-26b). From the figure, we can st#®e PD occurrence is higher
during the late growth compared to the initishgd as discussed previously in
Sectiors 4.3.1.1and4.3.1.3which results iradecrease of théu. This also applies to

the phase difference between two consecutive PD pulgeand can be obtained by

replacingu in equation 413 with g.

Q— — — (4-14)

Bothduanddg can be divided intbwo groupd.e. small and large. The small group

comprises PDs from clusters 7A and 7C while the large gcoupprises PD&rom
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clusters 7B and 7D. These four clusters are grouped according to the polarity and

magnitude otlu depending on the consecutive voltages:

1 All PD pulses in the rising edges form cluster 7A which resulizositive

andsmallerdu.

1 The lastpulse around the positive peaks and the first pulse in the falling

edges form cluster 7B which resultsnegativeandgreaterdu.

1 All PD pulses in the falling edges form cluster 7C which resultsenmative

andsmallerdu.

1 The last pulse around the negative peaks and the first pulse in the rising

edges form cluster 7D which resultspositiveandgreaterdu.
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Figure 4-26. The instantaneous voltagg}), of PDoccurrence overlaid on Wave 7 during

(a) early growth and (b) late growth
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The behaviour oflu can be observed more clearly in thevs u,.; plot, shown in
Figure 4-27. Clusters A and C contain the majority of the PD pulses which occur
after a relatively small voltage change. The smallvalues results in PDs which
appear near the 48ine whereu, = u,;. The decrease alu towards breakdown
yields a smoother 485ine of PDs in cluster A and C as shownFigure 4-27b. In
contrast, clusters B and &ise from the relatively largeu around the peak voltage,
since PD stops occurring whelu changes from positive to negative or vice versa.
The large values afu form clusters farther from the 45ne but moving towards the
line as the electrical treeingpproaches breakdown. Prior to breakdown, the PD
pulses fill almost the entire phase range resulting a very small voltage chadge i.e

° du,.1, thus, forming a 45° line. Throughout the tree growth, the four clusters in
Figure 4-27a merge to form the dominant diagonal lineFigure 4-27b although

sometimes with distinct PDs from cluster B and D.

270°
15270
S | . -
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15
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Figure 4-27. The consecutive voltage plat, vs u,.1, of a sample tested with Wave 7 during
(a) early growth and (b) late growth
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The discussed characteristicsdofalso appy to dg, therefore both features should b
considered as prognostic indicators. The ratio of these key chalugkg,represents

the slope between the consecutive pulses and can be obtained by dividing equation 4
13 with equation 44 i.e.

Q6 o0 o
0_ — (4-15)

In this study, three parameters are considered for further investigatidn, idg and

dwdgandare described in Sectigh3.2.2

4.3.2.1 Effect of Harmonics

The distorted test waveforms show slightly different behaviou?D compared to
Wave 7.The plots ofinstantaneous voltage angvs un.; of test waveforms 1, 8, 9,

11, 12 and 13 are shown iRigure 4-28. Among the sixnonsinusoidal test
waveforms, samples tested with Wave 1 show the greatest difference, having six
clusters compared to tHeur clusters of all others. This Isecause Wave 1 has an
extra two peaks per voltage cycle where the polarity changiiioccurs more
frequently compared to Wave 7, giving more points of-activity in the plot (six
points compared to two for waveform). However,the generaltrend of du
decreasing towards breakdown remains. Although Wave 9 and 11 also have 4 peaks,
their THD values are smaller than Wave 1, thus giving a smaller rardyevaiues
between the two peaks in either the positive or negdtalf cycle. These contribute

to clusters 9A and 9C respectively rather than forming new clusters.

Since Wave 8 has the smallest THD aikg compared to the other harmonic
waveforms, thel, vs un.1 plot looks very similar to the fundamental Wave 7. W&ve

also shows the same characteristics as Wave 7 and 8, having also only a 5% THD.
Wave 11 contains thé"harmonic like Wave 9, but with greater THD &gl Thus,

it has extra features in thig vs u,; plot. It can be seen that around k3 of cluster

11A and 11C, thedu changes polarity from positive to negative (A1 and A2) and
vice versa (C1 and C2). Those changes however do not generate a new cluster of

points, but instead form an extra feature marked by circles m, trgeuy,; plot.
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The samples tésd with Waves 12 and 13 show similar characteristics to Wave 11
but at different voltages, depending on the voltage at which the polaritiu of
changes. As we can see in plots of Wave 12, the changes occur at seven spots in
cluster 12A and seven spots of cluster 12C. The same applies to Wave 13, but is not
clearly shown in both plots because the changes are very small due to smaller THD
andK.

Some of the points discussed here repeat the discussiérB.ihl showing that
phaseresolved and pulse sequence representations are closely.rélaeefore, the
same conclusion can be made hdfest, waveform with high THD valuemay
increass the number of PD cluster. Second, no deterministic relationship can be
concluded betweels and PD cluster. Howevetpmpared to PRPDAhe harmonic
order does not seem to affect thg vs u,, plot sincedu is not related to the

waveshape.

107



15 ! ! « Cluster 1. 15
L = Cluster 1B
« Cluster 1C
= Cluster 1 +
= Cluster 1| <
E 0 Cluster 1F ;, o « Cluster 1A
3 3 = Cluster 1B
3
+ Cluster 1C
= Cluster 1D
r / N\ / / \ / / \ / r Cluster 1
.15 AV v * ) Cluster 1F
0 360 720 1080 -15 0 15
Phase (deg) Upy (KV)
Wave 8
15 5
° « Cluster 8A >
L « Cluster 8B L
« Cluster 8C
= Cluster 8D L
s s
i 0 = of
<
s =1 « Cluster 8A
« Cluster 88
La + Cluster 8C
* Cluster 8D
.15 i \ L .
0 360 720 1080 -15 0 15
Phase (deg) Up.g (KV)
Wave 8§
15 « Cluster 9A 15
L « Cluster 9B L
= Cluster 9C
= Cluster 9D L
) s
2o 2o
B ©
=1 « Cluster 9A
= Cluster 9B
F « Cluster 9C
= Cluster 5D
-15 L | L |
0 360 720 1080 -1 0 15
Phase (deg) Upq (kV)

« Cluster 11A
= Cluster 11B
+ Cluster 11C
= Cluster 11D
I

0 15
Phase (deg) s (KV)
Wave 12
15 “Cluster 28] ©°
L = Cluster 12B
+ Cluster 12C
= Cluster 12D |
S s
; 0 = o}
=
= B
« Cluster 12A
= Cluster 12B
L « Cluster 12C
= Cluster 12D
-15! I 1 L
360 720 1080 -1 0 15
Phase (deg) Upq (kV)
Wave 13
! “Cluster 13|  *°
« Cluster 13B L
« Cluster 13C
= Cluster 13D L
s
<o0p
3
3
- F « Cluster 13A
=« Cluster 13B
- « Cluster 13C
= Cluster 13D
360 720 1080 -15 [ ' ‘ 15
Phase (deg) Upq (kV)

(a) Instantaneous voltage of

PD occurrence

(b) Voltage of consecutive PD

Figure 4-28. The instantaneous voltage and thes u, plots of nonsinusoidal samples

108



4.3.2.2 PSA Features

The PSA features are examined for eaemibute data file as in PRPDA. Three
promising featuresju, dg anddwdg, are calculatedsing equations-43 to 415 for
evay consecutive PD in the-minute data. Finally, the mean of each feature is
calculated usingequation2-8 to represent each batch ofnbnute data until the

failure.

The du and dg features were calculated from the small group only, from the large
group only, and from all PD pulses ignoring which group of waveform they belong
to. The small group represents PD pulses in clusters A andRjofe 4-28 while

the large group represents clusters B an@\ave 1 includes clusters E and. F)
However, thedu/dg behaves differently and thus waalaulated from all data only.

In total, 7 potential features have been extracted from PSA as tabuldizioléd-5.

The behaviour of these 7 PSA feas can be observed Figure 4-29 to Figure
4-31. Thecoloursof the plots indicate the wave group as in the PRPDA approach in
Sectiorn4.3.1.3

Table 4-5. The features and subfeatures from PSA

Features Subfeatures

dUsmail

du dUarge
AU

dQSmaII

dg dQlarge
daa

du/dg =

Interestingly,du and dg show a very similar pattern of decreasing exponentially
throughout the tree growth. Voltage derivative however shows a different pattern
with an increase during the early growth but then decreases slowly towards the
breakdown. Alspit appears visually that PSA features show a smoditeleaviour
compared to PRPDA irFigure 4-13 to Figure 4-20. No distinct difference is
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observed between the harmonic groupdurand dg features. However, as fdudg
in Figure 4-31, it can be seen that samples with the same harmonic group trend

together which might be usefulrfolassification purposes.

Two samples from Wave 8 and 9 were found to behave differently where no PD
activity was recorded for more than 30 minutes as indicated with the arrows in
Figure4-31. Although this isanexpeted behaviour of PDhowever, this may affect
themodelling procesas these samples were not really in the same trend as the other
samples. These two sampl@8T365 and 09T32%bviouslyarethe outliers in the
prognostic model reported in this work. The elimination of the outliers will be

discussed in the next chapter.
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Figure 4-29. The subfeatures @fu (&) dusmai(b) duarge and (C)duy
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Figure 4-31. The voltage derivativeju/dg
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4.4 Feature Reduction

A total of 24 samples have beanalysedising the PRPDA and PSA approaches in
order toextract potentiafeatures as described in Section. A8 a result, 24 features
are extracted from PRPDA and 7 from P3®.order to keep the originality of the
features, feature selection approashemployed rather than feature transformation.
Filter techniquethe simplest approach for feature selectisrapplied to reduce the
size of the featuresThe selection is based on thieree prognosticperformance

metrics, described iBection3.3.

The total score of three prognostic performancenetrics introducedin [31], i.e
monotonicity prognosability andtrendability as indicated in guations3-6 to 3-8

respectively, is considered for feature reduction. The hog¢diticis givenas:
"YE O OWE EEO0HHDDE N &I BHOQE QED QA Q (4-16)

For trendability, the quantilequantile (QQ) plot is performed for every sample
combination and Pearsonds correl a3 on co
The final value is given by the smallest absolute correlation as indicated in equation

3-8.

The score of each metric and the total score of all metrics f@ldikatures are
tabulated inTable 4-6. Each feature isanked based on the sum of th@gnostic
metrics The PRPDA features are numbered from 1 to 24 while PSA features from 25
to 31.Each of these metrics ranges from zero to one, one indicating a very high score
on that metric and zero indicating that the parameter is not suitable according to that
metric. The prognostic metrics and the total metridable4-6 are plotted irFigure

4-32to Figure4-35in order to compare the metric scores between PRPDA and PSA.
PRPDA features from the same statistical quantity are grouped togetheearey,
standard deviations, skewnes, &, and kurtosisKu where the features are labelled

according to thbBablddsat ureds number in
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Table 4-6. Prognostic metrics of PRPDA and PSA features

No Features Monotonicity Prognosability Trendability Total Rank
1 H, posm 0.27 0.42 0.0100 0.70 22
2 H, negm 0.31 0.50 0.0016 081 14
3 Hgmaxposm 0.29 0.59 0.0053 089 9
4 Hgmaxnegm 0.28 0.58 0.0036 0.86 12
5  Hgnposm 0.19 0.33 0.0016 052 28
6 Hg.negm 0.21 0.34 0.0021 055 27
7 H, poss 0.24 0.36 0.0055 0.61 25
8 H. negs 0.30 0.40 0.0010 0.70 22
9  HgmaxpOss 0.16 0.51 0.0014 0.67 24
10 Hgmaxnegs 0.19 0.51 0.0090 071 21
< 11  Hgnposs 0.16 0.36 0.0008 0.52 28
E 12 Hgpnegs 0.11 0.40 0.0013 051 30
a 13 H,pos sk 0.12 0.45 0.0015 0.57 26
14  H,neg sk 0.09 0.79 0.0064 089 9
15 Hgmaxpos sk 0.13 0.68 0.0026 081 14
16 Hgmaxneg sk 0.09 0.70 0.0002 0.79 16
17  Hgnpos sk 0.10 0.67 0.0097 0.78 17
18 Hgnneg sk 0.12 0.62 0.0056 0.75 20
19 H,pos ku 0.13 0.85 0.0021 0.98
20 Hpnegku 0.10 0.89 0.0004 0.99
21  Hgmaxp0s ku 0.11 0.77 0.0049 0.88 11
22  Hgmaxneg ku 0.09 0.74 0.0032 0.83 13
23 Hgnpos ku 0.11 0.65 0.0028 0.76 19
24  Hgnneg ku 0.08 0.69 0.0021 0.77 18
25 @ 0.39 0.93 0.0200 132 4
26 @ 0.52 0.68 0.0052 1.21 5
- 27 I<>+ -m 0.50 0.95 0.0®8 1.4 1
o 28 O— 0.50 0.93 0.0015 143 2
29 QO— 0.63 0.74 0.0034 137 3
30 Q— 0.56 0.63 0.0046 119 6
31 Qe Q— 0.03 0.37 0.0085 041 31
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Figure 4-34. Trendability scores

Total Score

123456 7B 9101112 131415161718 192021222324 2526272857030 31
u o Sk Ku PSA
Features' Number
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From the scores iifable4-6 and bar graphs ifigure4-32 to Figure 4-35, we can
conclude thaPSA features have better scahan PRPDAfor all three prognostic
metrics as well asthe total metrics The great difference between these two
approaches can be seen nronotonicity scores irFigure 4-32 indicating more
consistent behavior among PSA features. According31d, monotonicity is an
important feature of a prognostic pargier because it is generally assumeat th
systems do not undergo sekaling, which would be indicated by a Agmonotonic
parameter. However, the monotonic trend of PSA feaigremstly observed irthe
first half of the tree growtlndbeconesconstant towards breakdowamdresults in
scores that areless than 0.7. This is due to thequential data during the constant

stage yields d/dx = 0, thus not counted for monotonicity score in equaBdh

Taking duy feature (first rank) of sample 08T374 as example, the calculation of
individual monotonicity score is shown graphicaltyFigure4-36. The (+) indicates
positive d/dx where the second is greater than the fwktle (-) indicates negative
d/dx and (=) indicates zerd/dx. By referring to equatior3-6, the total of24 data
points yields 13 of negativd/dx and 2 of positived/dx giving a monotonicity of
0.48. For the case of PRPDA featuremnd s results in higher score compared3o

andKu due totheir monotonic trend in the early stage.

15

+ Positive d/dx
— Negative d/dx
= Zero d/dx

dua-” (kV]

0 | ] ro— . =
-120 -100 -80 -60 -40 -20 0
TTF (min)

Figure 4-36. The positive and negativi#dx for detemining the monotnicity score ofdu

of sample 08T374.

Most of the 24 samples behave similarly with PSA features being more monotonic
compared to PRPDA featureblowever,two samples, 08T365 and 09T325, show
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very different behaviour compared to other samples@sult in a much lower score.
This is due to thdack of PD activityat certain time intervalsvhich results in a
greater number dfy Q ® mandalmost equal number giositive and negativg 'Q o
as can be seen in tloey, feature of 09T325 irFigure 4-37. Since the number of

positive and negativg Q awis the same, hence, the monotonicity score is 0

Among the seven PSA featureiydqg behaves differently where the monotonicity
score is egn smaller than most of the PRPDA features. As we can sEmgune
4-31, there is no certain direction dtvdg with an increase at the early growdht a
decrease towards breakdowifter all, the average of the total monotonicity scores
of each feature are calculated and tabulated@able 46 and compared irrigure
4-32.

18
+ Positive d/dx
16- — Negative d/dx
= Zero d/dx
14~ b
12+
2 10
5 sl
3
6 L
a4+
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0 L L
-120 -80 -60
TTF (min)

Figure 4-37. The positive and negativi#dx for determining the monokicity score ofduy
of 09T325

Prognosability inequation 3-7 encouragesvell-clustered failure values, i.e. small

standard deviation of failure values, and large parameter ranges. This means,

prognosability only relies on the first (start of treeing) and the last (breakdown)

feature data ignoring what happens in between. This isettg®n that skewness and

kurtosis in the PRPDA features have a greater score than mean and standard

deviation as shown ifigure 4-33. Even though skwness and kurtosis of samples
from Wave 1 behave differently, the failure values are clustered well with other

samples as indicated with the redh Figure4-38a (takingHq, pos kuas an example)
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disregarding which harmonic group they belong to. Fhg pos s (comparing
standard deviation with kurtosis) iRigure 4-38b on the other hand, has greater
parameter range bgreater standard deviatiof failure valuesthus results in lower

prognosability score.

TTF (min) TTF (min)
(@s=0.4,range=1.0 (b) s = 33.7, range = 32.9
prognosability = 0.65 prognosability = 0.36

Figure 4-38. The distribution ofailure valuegindicated by*) of (a) Hqn pos kyand(b) Hgn

poss

Most of PSA features exhibit wetlustered failure values based on plotd=igure
4-29 to Figure 4-31 with dusma, dusy and dgsman in Figure 4-33 having relatively
higher scores than the rest. The distribution of the failure values amiong
subfeatures can be comparedFigure 4-39. Although the parameter ranges caf
subfeatures are considered small, with a very small standard deviign, and
duy yield high prognosabilit scores. The&luage however, scored less tha, and

dusman due to higher standard deviatios,

10 30 20
% g& 2 fg\n -
IRl
§ o #, i < 5\‘§§\\\\£‘5 N
-150 . -150 TTF (min) 0 -150 TTF (min) 0
(a)s =0.2, range = 3.2 (b)=4.3,range =11.4 (c)s=0.5range =9.1
prognosability = ®3 prognosability = 0.68 prognosability = 0.95

Figure 4-39. The distribution of failure valugéndicated by*) of du subfeatures ifrigure
4-29
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Trendability is defined irf31] as a measurement of how well each parameter in a
population is describedby the same underlying function. This measurement is
performed in this thesis usirg@gQ plot. The QQ plot is a plot of the sorted quantiles
of one data set against the sorted quantiles of another dg@b4gtlt is used to
visually inspect the similarity between the underlying distributions of two data sets.
If the two distributions are similar, then the points would lie close to the linear
identity line,y = mx+ c. Since the tree samples give data of different sizes, thus, the
quantiles are selected to correspond to the sorted values from the smaller data set.
The quantiles for the | arger data set a
values. The quantiéeq of eachfeature are determined usinguation4-17 wherei is
the number of the quantil®y is the size of the feature,is the recorded time in
minutes,tp is the starttime of treeing thus equals to 0, amg is thefailure time
[254].

o

, 0 o e
n o NQ pfB 1o (4-17)

For example, using equatidnl?, the quantiles of a feature recorded every 5 minutes
and for which failure occurs at 25 minutes £ 5, 10, 15, 20 and 25 minutes) are
obtained ag| = 0.1, 0.3, 0.5, 0.7 and 0.9.

From visual observation, the behaviourR8A features lookeore consistent than
PRPDA. Therefore, it is expected that trendability among the samples in PSA
features is bettethan PRPDA. However, outliers may affect the trendability scores
since this measure only considers the minimum correlation coefficient as indicated in
equation 3-8. The comparison between a good and a poor trendability can be
observed irFigure4-40to Figure4-42.

In Figure 4-40a, we can see that thegma decreases exponentially for sample
12T373 but beaves randomly for sample 09T32Bus results inverylo e ar son 6 s
correlationcoefficient cc, (refer equatior8-9). In contrastboth samples irfrigure

4-40b show declining behaviour hence yield a very hagh It can be seen iRigure

4-41 thatonly the QQ plot of highcg, shows a linear identity.
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The trendability is given by the smallest absolute correlatiogefficient The
Pear s on 0 s coeffciens leetwaen DG 325 and other sampdge shownin
Figure 4-42a and can becompared with the scores between 01T426 and other
samples inFigure4-42b. As can be seen, tlug, of 09T325 with other samples is
lower than 0.5Sample01T426 on the other hand, has only three correlations that are
lower than 0.5 i.ewith 01T354, 08T365 and 09T325 whictedahepotential outliers.

The cg, with othersamplesare mostly greater than 0.8 showing a great strength of

relationship between 01T426 and other samples.a final point,the harmonics

order does not seetn influence the correlation between samples.
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Figure 4-40. The relationshippetweenwo samples fodgsm feature, (a) the lowest

correlation (b) he highestcorrelation
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Figure 4-41. The QQplots of samples ifigure4-40(a) 097325 and 12T373 (b) 13T423

and 01T426
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4.5 Feature Selection

Referring toTable 4-6, the first two rankdeatureshave very close score. 1.45

and 1.43. Both features are from PSA dey and dgmar The individual metric
scores of both features are also very cldsecan be seen iRigure4-29c andFigure
4-30a, both features haveery similar in characteristics. Taking both redundant
features as the key parametertlie model development may cause overfitting as
mentioned earlier in SectioB.4 . Features that behave similarly will have high
correlation measuré&.herefore, in this section, tiee a r sarelaiie between the
top three featurel(L, dgsmai @andddgiarge) are calculated using equatislO or 311

and are plotted in Figure #43. As can be seem Figure 443g the correlation
betweenduy anddgsmaiis very high,nearly 1, except for 09T325For the third rank
feature,dglarge, SOMe of the samples yield lower correlation, around 0.8 (see Figure
4-43b and 443c), but still a good numbefior the correlation measureéConsidering

the following rank-3 to rank6 featuresmay also introduce redundancy as the
features are from the sarsebset, i.eduanddg. Rank7 feature on the other hand, is
from PRPD, but the totadf three metricsscore is much lower compared to PSA
features. Therefore, only the first rank featwhe,, is selected for the development
of the prognostic model irfChapter 5 Modelling with a single parameter leads to a
simpler model and ialsoeasier to visualise. This is very useful especially when the

appoach proposed in this thesis is new to cable monitoring.
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4.6 Effect of Harmonics on du,,

As mentioned previously in Sectigh3.2.2 there is no deterministic relationship
between the harmonic order and the behavioudwaf. Here,the plots inFigure
4-29c are replottedvhich correspondo the growth time instead of the TTAIso,
the samples are grouped according to hlaemonic order,THD and waveshape
factor, Ks as shown inFigure 4-44. Again, no deterministic relationship can be
determined betweeanither harmonic order, THD oK and duy, since the groih
rates (duy/duy) of the samples in the same groane varies.This finding supports
the judgement of the previous reseaft8]. Therefore, all the samples are treated

equally in the prognostic modelgrwithout discriminating the harmonics content.

Harmonics Order

—— 3rd Harmonics
—— Pure Sinusoidal
5th Harmonics
7th Harmonics
— 5th, 7th, 11th, 13th,
23rd & 25th
AN WA\ Harmonics

150
THD
= —— 0.00%
= % 5.00%
510 7 7.85%
3 { \&\ —— 17.80%
SN —— 40.00%
0 S A ANV
0 50 100 150
TTF (min)
(b)
K
— 1.00
1.03
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— 1.27
— 156
AN A — 1.60
100 150

Figure 4-44. Thedu,, feature with samples grouped(a) harmonics order, (b) THD, and
(€) Ks
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4.7 Summaryand Conclusion

Identification of potential prognostic parameters is one of the crucial components in
prognostic modellingThe parametes are expectedd show a monotonic behaviour

that represents the degradation process of the system. In this chapter, a total of 31
feaures have been extracted with 24 of them from PRPDA and 7 from PSA. These
features are mostly used for diagnostidsich the concepwas extended here for

prognostic modelling.

Observation on PRPD patterns from tharstree growth until breakdowsccured,
reveakd three important changes i.e. the increase in number of PD, PD magnitude
and phase occurrence. These changes were represented by four statgstsake
(mean,standard deviation, skewness and kurtosis) on tBBe@hase distributions
(Hn(/), Hgma{/) andHgn(/)). The statistical measuregere determined separately

for positve and negative half cyclegjving a total of 24 PRPD featurek. was
shown visually thathte positive and negative POx all featuresbehavedsimilarly
towards théoreakdown

The PRPD pattern was greatly indfinced by the harmonic order. Waveforms with
higher harmonic order will have more rising and falling edges thus result i@ mor
distorted PRPD patterns. HighHD was found to increase the number of PD
clusters. Hwever, nodeterministic relationship can be concluded for waveshape
factor, Ks. It was mentioned 18] that the peak voltage employed in this thesis
might be too high foKsto havea dominating influencedAmong the PRPD features,
only skewness and kurtosis were influenced by harmofibe increased in the
number of PD clusters due to high THD resulted in highly distorted PRPD pattern

thus increased the skewness and kurtosis.

From FSA, it was found that voltage changki decreased exponentially throughout
the tree growth. Thdu can be divided into two groups i@usmai andduarge, While
the totaldu is denoted asduy. A changein du resuled in a similar changan dg.

Hence,the sameeaturescan beextracted from the phase occurrenice, dgmai
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dglarge and dagw. Lastly, the seventh PSA feature was derived from the ratio of the

key changegju/dg.

Similar to PRPDA, there was no deterministic relationship betw&eand P3
pattern.High THD (40%)also influenced the PSA pattemn, {/s u,.1 plot) by adding
two more clusters to the existing PD clusters. Nonethellessharmonic order did
not change thenumber of clusterexcept for extra features in the existing PD

clusters.

Throughout the tree growth, PSA features shdwa smootherbehaviour than
PRPDA with clearer monotonic trenbo distinct difference was observed between

the harmonic groups in all PD features exdeptiudg.

The performance of 31 Pfeatures werevaluatedusing thregperformancemetrics

i.e. monotonicity, prognosability and trendability. €Tkotal score of these metrics

was used taank each feature i.e. the top rank has the highest deord?RPA,

mean and standard deviation features yielded better score in monotonicity compared
to skewness and kurtosis, and vice versa for prognosability me®i&. features
scored remarkably for prognosability and were comparable to skewness and kurtosis
from PRPDA. For monotonicity PSA features only showed a monotonic trend
during the first half of total growth thus yielded a modesatere but still higher

than PRPDA

Although PSA features dominate the top ranksTable 4-6, only one feature is
selected for the model development. The reason for this, is the high correlation
between the PSA featurdseatures with similar behaviour may become redundan
and caused overfitting to occur. Therefore, only the first rank featlug, is

selectedor the development of prognostic modeldhapter 5

The three prognostic performance metrics not only assist in features selection but
also in identifying the outliers. So fatwo samples08T365 and 09T325were
spotted to show different behaviouitvvery low monotonicity scoreThese two

samplesalso yield low scores intrendability analysis as shown ifigure 4-42.
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Another sample, 01T354ainsmuch lower score than 09T3#bFigure4-42 hence
is also suspected to be an outli@rhe identification process is based on the
individual scores of monotonicity and trendability which is discussed in detail in the

next chapter

Finally, no unique characteristic is observed to differentiate the effect ofoharsn
on the electrical tree growtlarouping the samples according to the THD Kgédlso
did not reveal any relationshiplhus, all harmonic groups are treated equally in the

next chapter with no discrimination.
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Chapter 5
Building a Prognostic Model
Using the Selected PD Feature

5.1 Framework of the Developed Model

Little work has been reported regarding insulation lifetprediction using®D data,

even though PD monitoring is essential for condition moimdorin power
equipment. Published life models are mostly based on the Weibull analfesisi ref

data which has no information on the degradation process. Alternatively, this
research work proposes a framework for developing a prognostic model using PD
data from electrical treeing experiment. The PD data is analysed and evaluated, in
order to find the most suitable prognostic parameétsrexplained in Sectiod.7, a
prognostic model is developed basedaategradation parametety, applying the
simplest approach, curve fitting. The framework of the model development and

evaluation is given ifrigure5-1.

First of all, the behaviour of the first ranked featuhay is visualised to identify the
outliers and to aid the dec Nettemoutiers sel e
are idenfied from the individual sample score of theonotonicityandtrendability

metrics. It is important to know the reason for different behaviour before deciding
whether to keep or remove the outliefbe simplest option is consideréat fitting

the data .e. curve fitting techniqueAt this stage,additional algorithm can be
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introducedin order to improvehe mo d ® gredglictionsThen, theproperties of the
model are determined. This includes the threshold value where the TTF is predicted.
Validation of the model is done by applying the model on the testing samples. Both
holdout and crossalidation techniques are employed and compared. The
performance of the model is finally revealed using thertvedrics proposed if247]

I.e. prognostic horizonPH andcumulative relative accurac¥CRA, and one metric

proposedn this thesisconvergence horizoiCH.

Feature
Observation

4

Y
Outliers? » Remove/ Keep

Outliers
., N

Model
Fitting

4

Model
Properties

4

Model
Validation

4

Model
Performance

Figure 5-1. The framework of the developed prognostic model

126



5.2 OQutliers

This research work employs a single feature for building a prognostic model for
electrical treeing breakdown. The feature with the highest total score of the three
prognostic metrics (sum ahonotonicity prognosabilityand trendability), duy, is
chosenA total of 24 samples are used for training the model. However, some of the
samples behave very differently from the others, thus requiring some filtering. From
visual observation, most of the samples decrease exponentially and tend towards a
constant vala towards breakdownNevertheless those samples with unusual
behaviour have much less monotonicttyus do not really trend together. Therefore,

the monotonicity and trendability metrics are recalculated individually for each
sample in order to verify thoutlier samples. The prognosability metric is excluded

since it is measured based on population.

The average of the monotonicity score for 24 samples is 0.5 (see Table 4.6) which
can be considered as a moderate score due to the condistewalues dung the
second half obampleé | i .finethisiseuteoon, all 24 samples are tabulate@ahble

5-1 with the individual monotonicity and trendabilitycores. For the case of
trendability, the correlation between one sample to each of the other 23 samples is
taken and averaged. From the monotonicity scores, two samples have been identified
to have the lowest scores i.e. 08T365 and 09T325. Both sanipteyield low

scores for trendability as well as sample 01T354. Although the monotonicity of
01T354 is closer to the average, the trendability score is much lower compared to
other samples. These low scores are highlighted in red and the negative sign for

monotonicity indicates a more dominant decreasing pattern.
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Table 5-1. Monotonicity and correlation of training samples dog, feature

Wave Sample

Monotonicity

Pear sonbds

Correl a

24 samples 21 samples

24 samples

21 samples

Average Lowest Average Lowest

01T354 -0.39 - 0.22 0.016 - -

1 017382 -0.36 -0.36 0.74 0.128 0.82 0.51
01T426 -0.73 -0.73 0.79 0.049 0.87 0.64
07T332 -0.78 -0.78 0.78 0.042 0.86 0.59

7 07T343 -0.55 -0.55 0.83 0.053 0.91 0.79
077383 -0.56 -0.56 0.76 0.123 0.83 0.66
08T365 -0.07 - 0.45 0.111 - -

° 08T374 -0.48 -0.48 0.81 0.032 0.89 0.66
09T325 -0.00 = 0.12 0.003 = -
09T344 -0.42 -0.42 0.81 0.035 0.89 0.64

° 09T412 -0.41 -0.41 0.60 0.097 0.66 0.49
09T421 -0.50 -0.50 0.67 0.168 0.73 0.49
117333 -0.48 -0.48 0.81 0.144  0.89 0.67
117345 -0.21 -0.21 0.79 0.005 0.87 0.60

H 117391 0.46 0.46 0.80 0.122 0.88 0.62
11T425 -0.55 -0.55 0.72 0.016 0.80 0.55
127342 -0.54 -0.54 0.81 0.058 0.88 0.67

12 127373 -0.55 -0.55 0.82 0.034 0.91 0.77
127394 -0.37 -0.37 0.69 0.013 0.76 0.51
137324 -0.50 -0.50 0.81 0.003 0.89 0.67
137331 -0.48 -0.48 0.79 0.196 0.85 0.59

13 137376 -0.50 -0.50 0.82 0.157 0.90 0.69
137393 -0.25 -0.25 0.68 0.160 0.74 0.52
13T423 -0.61 -0.61 0.80 0.120 0.88 0.59
Average -0.41 -0.50 0.71 0.003 0.84 0.62
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To justify those three samples as being the outliers, the average and the lowest
correlations are recalculated using only 21 samples excluding those three. From the
results, we can see a great difference in the lowest correlation between these two
populations Figure5-2). Figure5-3 shows the behaviour of all 24 samples with red
solid lines represemy the three outliers while the blue solid lines represent the other
21 samples. The difference in the behaviour of the three outliers is due to the lack of
PD activities in some of the time intenatdthus causes thau,, values to become
greater or zerowhen no PD is recordedpifferent behaviour will result in a
different model when the curve fitting technique is employ8thce the key
parameters of the developed model are determined as an average from all samples
(explained later in Section 5.5¢onsdering the outliers will definitely alter the
average parameters aiginot represemtive of most of the samples. Therefoie,
simpler approach is considered by removing the outliethertraining algorithm

This limitation can be improved in the furiwwhen more data is available to allow

treatment on the outliers before the training process.

137423 | —
137393 | e —

137376 | e —
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017382 [ ——

017354

M 21 samples
M 24 samples

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.8

Figure 5-2. Comparisoront he | owest Pearsonds correlation
sets of 24 and 21 samples

129



—— 21 samples
—— 3outliers

dugy (kV)
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Figure 5-3. duy, plots of 21 samples and 3 outliers

5.3 Characteristics ofadu,,

As outlined in the experimental plam Figure4-6, the inception of electrical treeing

is performed under the influence of 50Hz at 18.0kV peak within 30 minutes. Only
initiated electrical trees of 10um are counted for Stage 2 where the sienpo
waveform was maintained at 14.4 kV peak for a maximum of 2.5 hours. The analysis
of PD data in Chapter 4 only considers the tree growth in Stage 2, and this section

discusses the correlation between PD data and the electrical treeing mechanism.

From visual observation oFigure5-3, no distinct pattern is detected at the start of
Stage 2 beforeuy decreases exponentially. When the first tresnbih touches the
ground electrodeduy reaches a consistent value before breakdown. Hence, the
behaviour ofduy can be divided into theeregions as shown iRigure 5-4, taking

sample 09T412 as an example.

The tree image in the first region shows an electrical tree about to grow, resulting in
a decreasing trend afuy, in Region 1 (other samples may experience a different
trend). This behaviour nyabe due to the change of frequency and magnitude of
applied voltage from Stage 1 to Stage 2 of the experimental plan. Bahadoorsingh
mentioned i 18] that at the initial stage, very faint filaments of light were observed
at the needle tip penetrating and eroding into the epoxy resin. The light is described
as intermittent prior to electrical tree initiation. The formed tubule gets thicker as the

electical tree begins to grow towards the ground electrode.
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In Region 2, all the samples show a declining pattern with a steep drop at the start
and becoming more gradual upon entering Region 3. The dashed line in Fgure 5

indicates the time of the first &doranch touching the ground electroge,

In Region 3,duy remains constant with all samples experiencing a return tree
growth, i.e. the tree branches grew from the ground electrode towards the needle tip
(see tree image in Region 3 Bigure 5-4). Notably, the return growth occurs after

the original tree traversed the insulation gap. A similar observation was documented
in [13], [27]i[29]. This return tree grows through the existing tubules from the
ground electrode, and results in thicker channels. At the same time, the downward
growth also slowly widens with fine tubules. Thus, the tree is mork likedevelop
thicker channels rather than spreading to the entire sample. It was repdi&gl in

that the tree growth was alsofluenced by the hot ionised gas plasma in the
channels. These ions look for the shortest path to create and sustain the breakdown
arc. Since breakdown did not occur when the original tree growth traversed the
insulation gap, this suggests the original vgifo is nonconducting while return
growth is conducting. However, there is no clear indicator to justify the starting time

of the return tree.

The smallduy; values in Region 3 depict a higher repetition rate of discharges. This
can be due to the increaskionisation in the tubules when the discharges erode the
ground electroddg13]. The behaviour ofiuy of all samples can be sérved in
Figure5-5 andFigure5-6 in the next section. Some of the samples show fluctuations
just before breakdown, as shown Higure 5-4. The increase ofluy just before
breakdown might be due to the decrease of discharge activity when a tree channel
suffers partial breakdown. This implies full breakdown is about to happen. It is
mentioned in[18] that the discharge activity is restored gradually with further
development of the conductive channels to create favourable conditions for the
breakdown arc. The activity of the discharges then increasesdmataly prior to

the luminous breakdown event.
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5.4 Applying Curve Fitting to du,,

Curve fitting is one of the simplest approaches that camppéed in model fitting.

Since he stress endurance from accelerated life testing mostly obeys the exponential
or inversepower law[178], both these models are considered for fitting dog.

Figure 5-5 plots theduy exponential fit and inverse power fit for all 21 training
samples. A clearer view of the points iredon 3 can be seen Figure 5-6 by
applying a logarithmic scale on theaxis of Figure 5%. As can be seen, the
exponential fits better than the inverse power and can be verified I8QFevalues

in Table5-2. Two of the statistical measures discusse&awtion 3.6 are computed

to evaluate the performance of the fits adjusted coefficient of determinatidRg; 2

and root mean squared errBMSE Based on the GOF values, the exponential curve

is considered for the prognostic model rather than the inverse power curve.

Table 5-2. The GOFof exponential and inverggowe fits

Curve Adjusted
Fitting R-Square RMSE
Exponential 0.84 1.33
Inverse power 0.69 2.02

Referring toFigure 5-5, the inconsistency ofluy values in Region 1 occurs for a
very short period i.e. 10 to 20 minutes after the tree initiated. In this region, the
samples do not really have a common behaviour. It should also be noted that not all
samples experienced the random behaviour thus nsamlples have a clear Region

1 in Figure5-5. In contrast, all samples trend together in Region 2 and 3 where the
duy points decrease exponentiallyfiwe remaining constant. One approach to
modelling three distinct regions of behaviour is to fit three piecewise functions.
However, if three piecewise functions were considered here, the model would have
no predictive power becausie,; does not trend teards a specific value at the end

of Region 1 andhe start of Region 2. Sincédu,; is mostly constant in Region 3, a
piecewise model would be equal to a constant value with no predictive power.

Hence, similarly to Region 1, no individual fitting is reepd for this region.
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Among the three regions, only tley, points in Region 2 show a clear monotonic
trend. If only these points were considered for exponential fitting, it is expected to
closely meet theluy at the touch ground timeéyng (seeFigure5-7), which occurs at
the O0kneed of the fit. This means, the
from the points in Region 3 (séagure 5-7b), thus the fit diverges from the actual
breakdown pointduaipq) (When TTF = 0). This is experienced by samples with no
Region 1 e.g. 07T383, 12T342, 12T3712T394, 13T324 and 13T393. Referring to
Figure 5-6, the inverse power curve seems to fit these samples more closely

compared to the exponential.

Onthe other hand, the fit of sample 09T421 (no Region 1) yields a breakdown point,
dukiwa) CloSe to theduapgy due to the nonexistence of Region 3. Among all samples,
only this sample has no record of thgy because of its very fine tree branches,
resulting in a poorer quality image hence the first ground touch is ambiguous. The fit
closely meets all theuy points and may include thauy at tgnq if it were known.
Therefore, the exponential fits of thengales with no Region 1 may aid the
prediction oftgng better than the breakdown tintgy when compared to samples with

Region 1.

From Figure 5-7, we @n see that the fit of alluy points deviates from points in
Region 2. This is due to thiky points in Region 1 which actually aid the fit to reach
the true breakdown point. This fit yields a higher knee point and lower slope in
Figure 5-7a andFigure 5-7b respectively when compared to the dit only duy
points in Region 2. Converselglu, points in Region 3 do not really affect the fit.
This means, fittingluy; points in Region 1 and 2 of sample 11T333 will result in an
almost identical fit to altuy, points. Also, fittingduy, points in Region 2 and 3 will
result in a similar fit to theluy, points in Region 2 only. Therefore, samples with a
long Region 3 will push the fitted curve farther from the breakdown point. This can
be seen in samples with a long breakdown timEigure5-6 e.g. 09T412, 11T345,
127394 and 13T393. On the contrary, samples with a short breakdown time will
have a brief Region 3 e.g. 01T426, 09T421 ahd425, hence yielding curves that

fit closer to the breakdown point.
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Figure 5-7. Comparison between exponential fit of @l points and exponential fit of only
duy points in Region 2 in (a) linear scale and (b) semilog scale

For simplicity, the semilogarithmic (or semilog) scale is applied instead of the linear
scale so that the fit can be expressed as a linear equatior, Hentrear regression

can also be considered to fit lggluy; values. The GOF ifable5-2 is rewrittenin
Table5-3 to compare the closeness of the three fits; exponential, inverse power and
linear. Among the three fits, exponential shows the highest accubatly.linear and
inverse powelfits havevery close accuracysince fitting logo duy using inverse
power does not give a linear fit, only exponential and linear fits are considered and

comparedor model development.

Table 5-3. The GOF ofexponential, inverse power and linear fits

Fitng  Roquare  RVSE
Exponential 0.84 1.33
Inverse power 0.69 2.02

Linear 0.71 201

The accuracy of the lifetime predictions depends on the availabilitye currently
available data.Thus, both linear and exponential fits are employed with
consideration of the availability of thky, values.Figure5-8 shows the plots of both
fits whee the labels indicate which of thdy values are being fitted. For instance,
line 1-3 fits the first threaluy values. The very small changedn,; in Region 1 of

sample 07T343 causes the3 1line to be close to horizontal, hence it is impossible

137



for this curve to meet the actual breakdown point in two and a half hours. As the
available duy values enter Region 2, the gradient of the rf;, increases. The
exponential fit meets theéu.ipg) When the first fiveduy points are available whereas

the linear fit requires fouduy values. When more data are available and Region 2
becomes more dominant than Region 1, both linear and exponential curves move
farther from theduapg) point as the gradient of the line kedpcreasing. Thusyy; is

one of the main criteria in fitting thabuy.

The changes imy; cause the&luy of the fit at TTF = Oduwa), to vary. Referring to
Figure 5-8a, the duiypay Of the exponential curve decreases significantly at first and
becomes more consistent when mdtg, values are available. Thiuipg) Of the
linear curve also decreases at the initial stage but then keepsimg when thex;
started to decrease (see lin® &nd above)This indicates thaluy, values in Region
3 have an influence on linear fits but not on exponential fits.

1-3

1-2

077343 07T343 1-4
o = 1-21

1-20
1-19
1-18
1-5,1-17
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98 50 0 98 50 o w0
TTF (min) TTF (min) L
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(a) (b)

Figure 5-8. Fitting thedu,, of sample 07T34%vith consideration othe availability of the

data (a) exponential fit (b) linear fit.

The my and logo duqpgy Of both exponential and linear fits considering the
availability of theduy, values of sample 07T343 are givenTiable5-4 and plotted in

the boxplots inFigure5-9. From the boxplots, we can see bot and 10gio duitba)

have the same distribution pattern. For exponential fits, the mediay ahd logg

duiypay are also the minimum values because of the strong skew on the data. In

addition, the first foudu gy values that lie beyond the upperisker are outliers
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(where the maximum whisker length is 1.5 of the interquartile range (IQR)).
Referring toTable 5-4 and Figure 8B, bothmg: and duiywa) Of the exponential fits
begin to keep their values consistent when the first ailght values (18) are
available. This means, the fit of eight,, values is very similar to the fit of aluy
values. Therefore, the properties of the progonostodel can be based on the

exponential fits in Figure-6 which consider all thduy, values.

In contrast, th&luwa) Of linear fits keep changing and do not reach a constant value
thus resulting in a more scattered distribution than the exponditsia(higher
variance). The closesluipq) value to theduapg IS when all duy values are
available which violates the purpose of prediction. As an alternative, an average
value can be considered for determining the properties of the prognostiel. mo
Based onFigure 5-8b, the average ofluipgy Might exclude the values from the

outliers i.ecurves 12, 1-3 and 14.
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Table 5-4. Themy;; and log, duia) Of the exponential and linear fits of sample 077343 with
consideration on the availability of tiley, values

Available Exponential Fit Linear Fit
dug points Mt Log10 dUsitpa) Mt Log10 dUsipa)
1-2 -0.010 -0.023 -0.010 -0.023
1-3 -0.004 0.564 -0.004 0.582
1-4 -0.014 -0.378 -0.017 -0.664
1-5 -0.019 -0.864 -0.026 -1.438
1-6 -0.022 -1.148 -0.032 -1.986
1-7 -0.024 -1.288 -0.034 -2.177
1-8 -0.025 -1.361 -0.034 -2.218
1-9 -0.025 -1.399 -0.034 -2.164
1-10 -0.025 -1.417 -0.032 -2.062
1-11 -0.025 -1.422 -0.030 -1.904
1-12 -0.025 -1.426 -0.029 -1.813
1-13 -0.025 -1.428 -0.028 -1.724
1-14 -0.025 -1.429 -0.028 -1.675
1-15 -0.025 -1.429 -0.027 -1.597
1-16 -0.025 -1.428 -0.025 -1.517
1-17 -0.025 -1.427 -0.024 -1.439
1-18 -0.025 -1.427 -0.023 -1.360
1-19 -0.025 -1.426 -0.022 -1.286
1-20 -0.025 -1.425 -0.021 -1.211
1-21 -0.025 -1.424 -0.020 -1.146
(a) (b)

Figure 5-9. The boxplot of the (ajy; and (b) logoduing) for both exponential and linear fits
of sample 073843
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