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ABSTRACT

Partial discharge analyzer (PDA) has the unique potential for evaluating degradation and possibly
failure prediction of XLPE cables as well. The authors have demonstrated its capability towards failure
prediction on XLPE cables. In this study, five sets of fifty number of identical XLPE cables were taken up for
the investigation. These tests were carried out on both damaged and undamaged conditions. The data
acquired during their loading cycles is analyzed using Artificial Neural Network (ANN) which is further
developed to predict the failure performance of power cable. Using this approach one could appreciate that
impending failure is significant even at 50 to 60 % of maximum expected operating voltage (MEOV) with a
reasonable error margin. In fact, till date there is no lucid method spelt out in the open literature for the
failure prediction of XLPE Cables. Moreover, this methodology can also be applied to predict in real time the
failure of similar XLPE cables made of material systems. Also, in order to verify the results, Gaussian
Mixture Models (GMM) is used for data analysis. This work can also be further extended to other equipment
like transformers, switch gears and rotating machines.
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1. INTRODUCTION

Partial discharge analysis is widely used for both
electrical equipment and materials research monitoring
applications because of its unique potential for detection and
location of dynamic defects under operating conditions. In
the past few years, it has been mostly used for testing the
underground power cables [1-4]. For underground cable
applications, detection of partial discharge is used for
preventive / predictive maintenance under medium and high
voltage [5,6]. With the rapid advances taking place in this
area, there has been a strong need for an analytical technique
which can indicate the degradations that take place during
the course of the acceptance load testing of electrical
equipment [7]. There are cases reported in the open literature
bringing to light the fact that XLPE cables that have
successfully undergone acceptance tests did fail surprisingly
during their actual use [8, 9]. In this respect, Artificial
Neural Network (ANN) technique has assumed a unique role
to tackle this difficulty. More than evaluating the integrity of
cables, ANN has the potential to predict the failure voltage
within certain limits. It is well known that XLPE power
cables undergo degradation during acceptance tests due to
treeing, thermal stresses, corrosion, manufacturing defects,
transient over voltage between layers etc. Such degradations
can be indicated through its output waveforms [10-14].
Partial discharges are a major source of insulation failure in
high voltage power system which needs to be monitored
continuously to avoid the incipient failure in the power
system network [15,16]. The PD activity inside the solid
insulation highly depends on the entire geometry of the void
presence inside the solid insulation model [17]. In addition,
PD increases with the increase of applied voltage inside the
solid insulation. Performance characteristics of different
faulty cables during test have been simulated using back
propagation neural network [18,19].

In this study, online monitoring is carried out on
high capacity XLPE cables for four identical cases. An
attempt is made on the fifth XLPE cable to predict its failure
voltage. The test was carried out under damaged and
undamaged conditions. Each set of cables consists of ten
identical specimens. This innovative methodology illustrates
the performance of XLPE cables and its failure rates. In this
investigation data is acquired only upto 50% of the
theoretical failure voltage and then the cables were loaded
upto failure. Finally, the prediction was attempted on the
XLPE cables well before its actual failure also a
methodology is being developed in this paper to estimate the
failure of XLPE cables.

2. CABLE DETAILS

This work is performed on five sets of fifty Nos. of
similar XLPE cables. All the cables were ISl marked and its
specifications are based on IS: 7098(Pt-1)/1988 standard.
The used single core aluminium unarmoured power cables
consists of 120 sq.mm size, 2000 mm in length and its

insulation thickness is 2 mm. In this work, the variation of
the maximum PD magnitude with different applied voltage
for five various types of specimens are determined. The
obtained PDs consist of PD distribution; frequency content
and amplitude are also obtained from PD pulse.

3. EXPERIMENTATION

The entire experiment is done at highly protected
well- equipped high voltage laboratory. The experiment is
carried out using 5 sets of fifty Nos. of XLPE cables with
different damages. The entire test is based on the standard of
IEC: 60840. The experiments are used to determine the
withstanding capability of the cable using its discharge
signals during online monitoring. The general block diagram
for capturing partial discharge using PD analyzer test is
shown in Figure 1 and the specimen preparations are shown
in Figure 2.The specification details of studied cables are as
follows:
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Figure.1 General block diagram for capturing PD using PD analyzer
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Figure 2. Types of damages in various specimens



3.1 SPECIFICATIONS OF XLPE CABLE

Core type Single Core

Cable type XLPE type HT cable

Conducting Material Aluminium

No. of layers in the conductor : 19

Type of Insulation PVC Insulation

Overall diameter : 640 mm

Number of Cables used 5 Sets (50 Nos.)

Net Wt. of the cable : 0.253 Kg/Km

Current carrying capacity : 205 Ampere

Voltage drop/ampere per meter : 0.8mV

4. EXPERIMENTAL SETUP

An impulse generator Marx circuit was used to
increase the voltage upto 150 kV. The Experimental setup is
shown in Fig.3 which consists of Coupling Capacitor,
Control Desk, PD Analyzer and PD Monitoring Unit etc.
The Impulse generator Marx circuit is used to step up the
voltage from 440V to higher. The supply terminal is
connected with the conductor of the specimen and ground
terminal is connected to insulator which is controlled by the
control desk inside the control room. Coupling capacitor
setup contains steps of capacitors and some busbar links to
connect the various capacitor banks for generating high
voltage supply above 11kV. Control desk consists of a
variable resistance to vary the output voltage. PD Analyzer
is the equipment which records a Partial Discharge pulses
from the XLPE cable. The PD Monitoring unit is used to
monitoring the discharge signals.It contains digital
osciloscope - DSO6032A and a personal computer. The
oscilloscope consists of 300MHz bandwidth with two analog
channels.

Figure 3. Experimental setup

4.1 EXPERIMENTAL PROCEDURE

Marx circuit is connected with specimen and placed
over a wooden stool is illustrated in Fig.4. The control desk
is used to turn on the entire system. From the control pannel
the voltage is increased gradually from 0 kV to 3kV and
recorded the corresponding discharge output signal using the
oscilloscope. Similarly, the voltage is increased in 3kV steps
upto the occurance of breakdown. The detailed load cycle is
as follows:

e Leak Cycle : 0-3 kV (Hold for 5mts)-0 kV.

e |-Load Cycle : 0-3 kV (Hold for 1mt)- 6 kV
(Hold for Max. 3mts)-0 kV.

e 1I- Load Cycle: 0-6 kV (Hold for 1mt)-9 kV (Hold
for Max.3mts)-0 kV.

e 1lI- Load Cycle : 0-9 kV (Hold for 1mt)- 12 kV
(Hold for Max. 3mts)-0 kV.

e IV- Load Cycle : 0-12 kV (Hold for 1mt)-15 kV
(Hold for Max.3mts)-0 kV.

e After the 15-kV cycle, loading was decreased to
facilitate removal of all connection and other
instrumentation with PD analyzer. Thereafter, the
loading will continue at a steady rate till failure.

e The first time hold at various incremental loads
shall be for a minimum of 1 mt. During the higher
load cycles, in some cases, there will be small
amount of spark coming out in the fill end between
the holder and the cable. Therefore, during such
load cycles, the load ‘hold’ is carefully maintained
constant. The maximum hold shall be for a period
of 3 mts. At each incremental voltage rise the
detector measures PD for one minute. Fig.5 depicts
the breakdown of fifth specimen.

Figure 4. Specimen connected with Marx circuit

Figure. 5. Failure of XLPE cables



5. ARTIFICIAL NEURAL NETWORK (ANN)

The emergence of the Artificial Neural Network in
the 1990s made the prediction processes faster and more
accurate. Moreover, dilation of the cable during loading,
local yielding (strain) and peak amplitude are important
parameters closely associated with the ultimate burst load
were overlooked by researchers. An accurate prediction of
failure load is contemplated in this research by involving
these parameters with PD analyser data through a neural
network. The significance of other parameters like PD
distribution, frequency content for failure strength prediction
are also planned to be examined. Most of the ANN structures
commonly used in many applications, often consider the
behaviour of a single neuron as the basic computing unit for
describing neural information processing operations. Each
computing unit, i.e., the artificial neuron in the neural
network is based on the concept of an ideal neuron. A
neuron is assumed to respond optimally to the applied
inputs. However, experimental studies in neuro-physiology
show that the response of a biological neuron appears to be
random, and only by averaging many observations it is
possible to obtain predictable results. An artificial neural
network is an information processing system that has certain
characteristics similar to biological neural networks. A
neural network consists of a large number of simple
processing elements called neurons or nodes. Each of these
neurons is connected to other neurons by communication
links, each with an associated weighting. The weightings
represent information being used by the network to solve a
problem. A neuron has many input paths and combines the
values of the input paths by a simple summation. The
summed input is then modified by a transfer function and
passed directly to the output path of the processing element.
The output path of the processing element can then be
connected to the input paths of other nodes through
connection weightings. Since each connection has a
corresponding weighting, the signals on the input line to a
processing element are modified by these weightings prior to
being summed. The processing elements are usually
organized into groups called layers. Typically, a network
consists of an input layer where data are presented to the
network, and an output layer which holds the response of the
network, and one or more hidden layers for processing. Fig.6
show the Architecture of fine tuned neural network at high
amplitude frequencies.

Fig 6. Architecture of fine tuned network at high
amplitude frequencies

50 numbers of cable specimens and the corresponding
failure load were grouped into five. Each group consists of
ten specimen, so that the training set chosen was to include
the best and worst failure loads in the data set. Amplitude
recorded from the specimens in groupl up to 50% of its
failure loads were used to train the network, and their
corresponding failure loads were given as the expected
output. Only amplitude data up to 50% of failure load of the
remaining specimens in next groups were used for testing the
network. The feed forward back propagation network in
MATLAB-6.0 workspace consist of 66 neuron in the input
layer (Each amplitude frequencies from 35dB to 100dB as
one neuron) and one targeted output (Failure load) neuron in
the output layer as shown in Architecture [20]. After enough
experimentation, the optimal learning coefficient and
momentum of the network for this application were found to
be 0.01 and 0.9 respectively. Levenberg-Marguart algorithm
was employed, because of large number of input neurons
were present in the network. There are many combinations
in the number of middle (hidden) layers neurons were
attempted while training the network. Finally, Tansig and
purelin transfer functions were used for the hidden layer and
output layer respectively. Network with single middle layer
consist of as few as 3 processing elements (neurons) to as
much as 50 elements were attempted. The best training
results were obtained at 66-34-1 network architecture.
Targeted convergence threshold was attained at 1500
epochs. The optimum prediction results of other specimens
and its errors are presented in Table 1 & 2. Maximum error
tolerance of 13.41% was obtained for hacksaw cut specimen.
This technique is most suitable for all type of damaged
cables. Moreover this approach is better than GMM in case
of undamaged cables. It is also identified that the difference
of predictions are reasonably better at a range of 0.4 kV to
0.8 kV.

5. RESULT AND DISCUSSION

The PD alalyzer can generate output pulses for all
types of cables which is illustrated in Fig.7 & 8. The results
obtained from this investigation describe the concluding
remarks of all the cables. In each set, ten identical specimens
were tested in similar manner. The optimum result is
discussed herein. The results obtained from PD analyzer is
clustered using fuzzy logic which is further analysed using
Artifical Neural Network (ANN). Since there are five types
of test and five kinds of dischare modules, each module is
experimented with 60% of data sets for training and 40% of
data sets for testing. The trained data is further compared
with the target values. The training tool is illustrated in
Fig.9. From the results of various damaged cables it is
identified that punched cables withstand more when
compared with cut cable. The failure voltage is predicted
using training and testing of various data’s obtained at
different voltage steps upto MEOV. The actual breakdown
occurred in the cut cable is much earlier than other
specimens which is also predicted using neural network
analysis with reasonable error margin say, 13.41%. The final
output obtained from ANN is shown in Fig.10 to Fig.13. The



same analysis was again repeated using wavelet
transformation. In this, using the PD analyzer output
waveform four levels of detail coefficients are identified
which is illustrated in Fig.14. These coefficients are fed into
the Gaussian Mixture Models (GMM) in order to cluster. In
which individual data points are generated by choosing one
set of multivariate Gaussians and sampling them using the
well-defined computational operational. Similar procedure is
continued for all the types of data set obtained from various
specimens. Fig:15 depicts the simulated PD results obtained
from GMM after the training. The output represents the
variations in the signal waveforms for various cables which
indicate the abnormal partial discharge.  The overall
performance of both ANN and GMM are illustrated in
Table.3 and its comparison is shown in Fig.16. The peak
amplitude obtained from the PD analyzer is the superior
performance in the failure strength prediction exercise at
50% voltage level.
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Figurel5. Simulated PD output obtained from GMM after training

before the occurrence of any fault using appropriate analysis
methods. This work can also be extended using other
electrical equipment like transformer, switch gears, rotating
machine, etc.

Table. 1 Result analysis of XLPE cable using ANN

S.No Type of the PD Actual Predicted
Specimen occurance | Breakdown | Breakdown | Error
voltage voltage(kV) | voltage(kV) | in%
(kV) using ANN
1 Undamaged 45 28.6 30.5 -6.64
Cable
2 2mm dia 1.9 21.4 19 11
Punched cable
3 1 mm dia 25 255 22.8 10.59
Punched cable
4 Impact 2.8 26.5 24 043
Damaged
cable
5 Hacksaw cut 2.3 17.9 155 13.41
cable
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Table. 2 Result analysis of XLPE cable using GMM

Figure.16 Comparison of ANN & GMM

6. CONCLUSION

PD analyzer is one of the best electrical equipment
might be useful to determine the insulation failure for single
core damaged/undamaged power cables at reasonable error
margin ranging from -6.64% to 13.41% with actual failure
using ANN. Whereas using GMM the obtained error margin
various from -9.09% to 10.94%. From the early detection of
breakdown voltage, the withstanding capacity of the cable is
monitored which reduces the electrical accident. The
measurement from the PD Analyzer is more accurate in
cable testing. This experimental work clearly describes that
the highly damaged cables can be predicted with acceptable
error margin which is also validated using GMM. This test
can be further extended using various other online
monitoring test methods like ultrasonic, acoustic emission
etc. Also, the corresponding location can be found out just

PD Actual Predicted
Type of the | occurance Breakdown | Error
S.No - Breakdown -
Specimen voltage voltage(kV) voltage(kV) | in%
KV) 9 using GMM
1 Undamaged 45 8.6 31.2 -9.09
Cable
2mm dia
2 Punched 1.9 21.4 198 7.48
cable
1 mm dia
3 | Punched 25 255 23% | 761
cable
Impact
4 | Damaged 28 265 236 10.94
cable
5 Hacksaw 23 179 16.1 10.06
cut cable
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Table 3 Results of both methods and its differences

. Predicted
T Actual Predicted Breakdown .
S.No ype _ofthe Breakdown Breakdown voltage(kV) D|_fference
Specimen voltage(kV) . in kv
voltage(kV) using ANN (l_‘ﬁ\l/lnl\g/l

1 Un(ézrgle;ged 28.6 305 31.2 0.7
2mm dia

2 | Punched | 21.4 19 198 08

cable

3 tmThiﬁ 25.5 22.8 23.56 0.76

cable

Impact 236 0.4
4 Damaged 26.5 24

cable

5 Hacksaw 17.9 155 16.1 0.6
cut cable
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