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ABSTRACT

Autonomous partial discharge (PD) identification is not
only key to the success of, but also one of the major
challenges in, PD based condition monitoring of cable
systems. In industrial applications, two challenges
restricc the implementation of autonomous PD
identification. The first challenge is that interference
signals are of different shapes and the freguency
bandwidths of some interference signals are similar to
that of PD signals. The second challenge is that, as PD
signals originate from different sources, their
characteristics also vary. Sources of PD include cable
and cable termination, switch-gear enclosures, motors
connected at the end of the cable being monitored, etc.
The ability of identifying PDs from the multiplicity of PD
sources is therefore in great demand.

To overcome the above two challenges, this paper
demonstrates a knowledge based method for interference
signals rejection and autonomous PD  signal
identification. The fingerprints of typical interference
signals and PD signals emanating from various sources
are defined and differentiated in the time domain. Based
on the fingerprints, a decision tree based recognition
method and a knowledge base has been devel oped.

The method was based on PD on-site testing data
collected from more than 300 cables in one power
system. It was then applied to another two systems and
proved to be effective.

INTRODUCTION

Autonomous partial discharge (PD) identificationuleb

be a key component in the uptake of PD based, nen-li
condition monitoring of cable systems [1-4]. Deyeim
reliable methods for autonomous operation is ats® af

the major challenges. In recent years, on-line PD
monitoring systems were reported to be applied in
industrial applications, however, due to differeptrces

of strong interference few on-line monitoring sysse
could identify PD from multiple sources autonomgusl
[4]. Efforts have been made to differentiate PDnalg
generated in different power equipment from random
noise and pulsative signals from other sourcesudlirg
data denoising techniques, feature extraction igaes
and knowledge based system [5-6].

Knowledge based systems have following advantages:

firstly, knowledge based systems use computer aisaty
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mimic human learning, which can be directly useddio-

line monitoring systems or on-site testing systems;
secondly, knowledge based systems can describeleomp
situations, which is ideal for interpretation of Rignals
are they are affected by different factors anddiffecult

to describe; thirdly knowledge based systems halfe s
study ability, to allow knowledge rules to adaptnew
information and to increase with the application.

This paper proposes a knowledge based method for
rejecting interference signals and autonomously
identifying PD signals. It contains a training pees stage
and an application process stage, as shown ind-ijuin

the training process, PD knowledge rules and ieterice
signal knowledge rules are built based on on-gistirtg
data from 300 cables from one site; in the appbcat
stage, the established knowledge rules are appbed
another two power systems. The results show that th
knowledge based method is effective for PD signal
identification from multiple PD sources and effeetifor
autonomous interference signal rejection when the
fingerprints of different signals are established.

KNOWLEDGE BASED SYSTEM FOR PD
CONDITION MONITION
Figure 1 shows the flowchart of the proposed PD

condition monitoring knowledge based system, coigi
a training process stage and a practical applicatio

Training Process

o New Cases
Confirmation. [

Practical Application

Data from
On-line
Monitoring
Systems

PD Denoising

Results

f——

Features Extraction New Cases Knowledge Rules ' Features Extraction
Fingerprint
Identification [ —* Knowledge Rules PD Denoising
Expert Statistical Conlm_uous
Analysis On-line
Monitoring
__— X Data
Figure 1 Flowchart of knowledge based system forcBidition

monitoring
As shown, the stages in the training process a dre
obtained from on-line monitoring system or on-$#&ting
experiments; data denoising is carried out to geeer
high signal noise ratio information; feature exti@t is
applied to describe signals in terms of specific
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charactierstics, described in the following sectibased

on the expert knowledge and statistical analysis,
fingerprints of typical PD signals and typical irfezence
signals are identified, which are described in teroh
different knowledge rules. These knowledge rules ar
applied in the practical application, which is simoan the
right hand part of Figure 1.

In practical application, continuous on-line monitg
data are detected using High Frequency Current
Transformers (HFCT) attached to the earth stragabfes.
The first two steps of practical application are §ame as
training process, i.e. data denoising and featytaetion,
then decision process is made based on PD feanks
knowledge rules which are generated in trainingcess.

If the features of the PD detected do not matchadriie
existing knowledge rules, a new case is discovefed.
feedback route is input into training process, Wwratdows
generation of new knowledge rules and modifiedtigs
knowledge rules.

PD FEATURES ADOPTED

6 PD features are adopted for knowledge rules géiner
i.e. rise time, pulse width, maximum magnitude, spul
interval, pulse repetition rate and phase resol?&l
pattern. The first three features describe charatits of
individual PD pulses; pulse interval and pulse tiépa
rate describe PD signals in terms of short timé&ssizal
distribution; phase resolved PD pattern describBs P
signal in terms of clustered signal relationships.

The definition of rise time 1) (10% to 90% of peak

value) and pulse width f(, ) of PD pulses are from

reference [2, 7].
The maximum magnitude of individual PD pulse is
defined as:

Vmax = ma){vl . Vn} 1)
V, ...V, are magnitude values of n samples of an
individual PD pulse.
Pulse interval, is defined as:

1 n
t :Wzti )
<

Where N is the total number of PD pulse in one powe
cycle, t. is the time interval between two neighboring PD

pulses.
According to IEC 60270 standard, pulse repetitiate r
N, is the total number of PD pulses recorded in actete

time interval [7].

Phase resolved pattern (PRP) providing information
when during an AC cycle discharge activity is ocin;,

is one of the most effective methods for PD signal
interpretation. From analysis of the various PRP
constructs which can be gathered during analysi8-of
phase MV cables, the authors have grouped thelsigna
into 6 types, which are shown in figure 2.

PRP type 1, a random distribution, is a typicakgrat of
interference signals. PRP type 2, a regular digioh,
signifies those signals emanating from periodic
interference source, such as electronic signalsn fro
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certain equipment. PRP type 3 is typical of thetgat
expected of corona from a single phase. PRP type 4
illustrates a typical discharge between externghhend
dielectric surface on a single phase. PRP typetypisal
internal insulation PD pattern for a defect affelchy one
phase in a 3-phase system. PRP type 6 shows ttezrpat
expected of sources influenced by three phasegasta

o I 1?‘7\7 & (dogree)

PRP Type 2

v

PRP Type 1

W
(degree)

PRP Type 5 PRP Type 6

Figure 2 Six types of PRP

KNOWLEDGE RULES
METHODS

There are three kinds of methods for knowledgesrule
identification, which are shown in figure 3.

f—————— Cable defect type
|
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PD testing in HV
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Knowledge
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Figure 3 Three methods for knowledge rules idexaifon

PD testing for in
service cable

v

PD localisation

PD testing in a High Voltage (HV) laboratory is @&le
method for PD knowledge rules identification, ablea
defect types and testing voltage are easily cdatiol
Comparison of PD test data before cable replacement
with analysis of identified faults after replacemén an
effective method for PD knowledge rules identifioat
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i.e. knowledge rules of relationships between PD designated as PD2. Figure 8 shows a typical PDabign

activities and cable defect types can be verified.
In service cable PD testing is not an effectivehudtfor
PD knowledge rules identification unless PD loalen
can be carried. After PD localisation, PD knowledgles
for corresponding equipment could be identified.

IDENTIFICATION OF KNOWLEDGE RULES
FROM PD TESTING INHV LAB

In [8], analysis of experimental PD testing of d¢me-
propylene rubber (EPR) cable with artificial defect
identified knowledge rules for classifying PD. Tgai PD
signal identified in the experiments, which is naa®
PD1, is shown in figure 4.
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Figure 4 (a)PD from EPR cable with artificial defect in 20ms Agtle
(b) Positive pulse (c) Negative pulse *The sigrsais amplified 25dB.

Characteristics of the pulses and the PRP whicte hav
been used to develop knowledge rules for theseakign
are shown in Table 1.

Table 1 Knowledge rules of PD from EPR cable

t, (18) | tu ()| V,..(V)| t,(ms) | N,(/s)| PR | Decision
0.06- 0.16- | 0.001- 0.25- 100- PRP PD1
0.08 | 0.2 0.03 0.9 1500 | type5

KNOWLEDGE RULES |IDENTIFICATION
FROM ONE POWER SYSTEM

During on-site testing in one power system conteni
300 cables, 85 Gigabytes of signal information were
collected. After expert analysis and PD localisatid
types of typical interference signals and 3 typktypical

PD signals knowledge rules were established.

After considerable analysis and investigation, kieolge
rules of signals, expressed in term of charactesist
discussed, and used in Table 1, are shown in Table

A typical signal for the interference signal desitpd as
INT3 is shown in Figure 5. Figure 6 shows a second
typical interference signal, from power electrodi&vice,
designated as INT4. Figure 7 shows a typical PDadig
identified from switchgear box after PD localisatio
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identified from motor after PD localisation, desiggd as
PDs3.

Table 2 Knowledge rules of interference signals RbBdsignals

t (48) | t(18)] Vo V)| ti(me) | N.0) | PRP | 05
o8- 0.08- 200- | PRP
25 |96 o1 |15 |1000 |typer |'NTE
0015 | 0.04- | 0.005- | 0.012- | 25000~ | PRP | " —
0.020 | 006 | 05 | 0015 | 40000 | type3
05 |14 | 005 |04 |1250- | PRP |
06 |17 o018 |08 |2500 | type2

500- | 08- | 59- |150- | PRP
5080 | 600 |15 |65 |200 |type2 |'NT#
001- | 0.02- 02- | 650- | PRP
003 |o007 | |o5 |80 |types |FPP?
02 |05 |00L |02 |2000- |PRP | oo
04 |09 |o004 |035 |3500 | types
002|004 |01 [005 |7000- |PRP | oo
0.04 | 008 | 015 |008 | 9000 | type3
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Figure 5 (a) Typical regular interference signal@iginal pulse
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KNOWLEDGE RULES APPLICATION IN
TWO OTHER POWER SYSTEMS

Based on the PD signal knowledge rules and intemfa
signal knowledge rules identified, further on-siésting
experiments were carried out on two other powetesys.
The results show that the established knowledges rate
effective for further interference signals rejentiand PD
signals identification. Two case studies are priesthere.

Case 1: PD from motor

One set of on-site testing data is shown in Figyréhe
corresponding signal parameters are shown in Table
According to the PD knowledge rules, the signals ar
judged to be PD2, i.e. signals from motor. After PD
localisation, the signals are confirmed as comiognffar
end of the cable which is connected to a motor.

voltage(mv)

433 434 4385 435 4355 436 4365 437
Time(ms)

(a) (b)
Figure 9 (a)Raw data (b) Original pulse

Table 3 Parameters of the signal

t (48) [ ()| VoV t(me) | N.(5) | PRP | DEC
023- | 052- | 0.015- PRP
025 |06 |o0035 |95 2300 | hes | PD?

Case 2: Interference from power electronic devices
One set of on-site testing data is shown in Fidu¥ethe
corresponding signal parameters are shown in Tdble
According to the interference signal knowledge suthe
signals are judged to be interference signal INT4.
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Figure 12 (aRaw data (b) Original pulse

Table 4 Parameters of the signal

t (48) [ ()| VoV t(me) | N,(5) | PRP | DeC
550- PRP
6070 | ooo |12 |61 150 | o0 | INT4

During the application, new cases of signal charétics
are found. Another 3 knowledge rules for interfeeen
signals and another 2 knowledge rules for PD signal
identified. The proposed method is also proved ¢o b
effective for PD identification from different saas
when different PD knowledge rules are established.
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CONCLUSION AND FUTURE WORK

In summary, the following conclusions can be drawmn
the knowledge based analysis system:
€ Transfer of testing results into decision rules,
which can be directly used for on-line monitoring
systems or on-site testing systems, is possible;
€ The system is effective for interference signal
identification and rejection;
€ The system is effective
interpretation;
€ The system can describe PD signal from
different sources.
€ The system has self-study ability and will
increase and be modified with the application.

for PD signal

Future work:
€ Further testing experiments in HV lab is required
to establish knowledge rules for other PD sources;
€ PD characteristics and knowledge rules need to
be established for different types of cables;
€ Additional practical experience to improve PD
knowledge rules and interference signal knowledge.
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