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Abstract- This paper presents a computational implementation
of a Probabilistic Neural Network for obtaining patterns of
partial discharges in power cables XLPE. The experimental
measurement data of the power cables are obtained in the
Laboratory Testing Equipment and Materials (LAPEM), which is
a certified laboratory property of the Comision Federal de
Electricidad (CFE) in México. These data implicitly contain the
patterns of partial discharges and are used to carry out the
training and testing of Probabilistic Neural Network. In order to
illustrate the reliability and wvalidity of the proposed
computational implementation, the results obtained by this
proposed implementation are compared with those calculated by
the methodologies given in the standard IEC 60270.

Index Terms- Probabilistic Neural Networks,
discharges, power cables XLPE, pattern recognition.
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. INTRODUCTION

One of the most sensitive techniques to detect problems in the
power cable isolation is the measurement of Partial
Discharges (PD). However, its application is limited due to
electromagnetic interference problems that occur on site, further
that the partial discharge data are difficult to interpret and only
trained personnel with experience can provide an accurate
conclusion about abrupt changes in the nature of the insulator,
which are caused by vacuoles in a solid or gas space between the
surfaces of an insulator to a conductor or another insulator. The
Artificial Neural Networks (ANN) has been extensively applied
for classifying complex stochastic partial discharge patterns
because of its ability to learn from a few trained fault examples
[1,2]. However, the fundamental issue in NN learning and
classification is generalization, i.e. the potential of the NN to
function reliably well for some unknown or unseen PD data.
Many NN topology algorithms have been applied for partial
discharge classification and these include: the back-propagation
(BP) algorithm [1,3-4]; the Kohonen self-organizing map and
learning vector quantization [1]; modular neural networks [5];
adaptive resonance theory [6]; the counter propagation NN [7];
hidden Markov models [8]; fuzzy logic controllers [9] and more
recently the probabilistic neural network [10].

The Probabilistic Neural Networks is a type of Artificial
Neural Networks, which together make a very useful technique
for obtaining patterns of certain phenomena associated with the
partial discharges and related cases. The above is because the
PNN technique has many qualities such as speed training,
simulation speed, precision, plus the ability to facilitate detection

of the intensities corresponding to each type of discharge, since
when the measurements contain three types of partial discharges,
makes it easier to understand such measurements [11].

The partial discharge activity generates both physical
phenomena and chemical changes within the dielectric material,
causing the transmission of acoustic, electrical and optical energy
that can be detected and analysed using appropriate sensors. The
acoustic technology for target detection has developed very
rapidly in the past few years [12] and therefore strong tools such
as signal processing and feature extraction for the detection of a
partial discharge condition are required [13]. Several researchers
have successfully used acoustic detection methods for studying
the characteristics of electrical discharges on insulators [14].
Many signal analysis techniques have been used, such as Fourier
transform [15], wavelet transform (WT) [16], as well as neural
networks in order to characterize and classify the electrical
discharge signals [17,18]. A partial discharge is an electrical
breakdown phenomenon which is confined and located in the
region of an insulating medium, emerging between two
conductors which are at different potentials. Partial discharges
have detrimental effects on the environment in which they occur
[19]. In solid or liquid produce a slow but continuous
degradation of the elements that surround them, which ends in
the electrical breakdown of insulating material (internal and
external PD). In gaseous medium such as air, partial discharges
produce the corona effect [20]. However, the results obtained by
these means led to questions regarding the effectiveness of
pattern classification and recognition of partial discharges
established until today, As well as questions to any treatment of
this data to improve the interpretation of the phenomenon, but
allowed evaluate the practical importance of deployments
magnitude and phase of the pulses [21] and the analysis of
waveform of partial discharge signals [22]. In [23] is presented
the first study case concerning to the change of patterns of partial
discharges in power cables due to the aging process, and thereby
starts the diagnosis using pattern recognition.

According to the above, it is necessary to establish metrics
statistics to define the type of partial discharge present in certain
isolation (external, internal or surface discharge). For the
development of these statistical metrics, ANN [24-28] have been
of great interest to researchers because they can be used as a
technology for data mining because it offers the means to model
effectively and efficiently complex phenomena and large [29].
The ANN models are programmed from the data, that is, they are
able to find relationships inductively (patterns) via learning
algorithms based on existing data more than the fact require the
help of a modeler to specify the expression of a function of their
interactions [30-31].
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This work presents the relevant data associated with Q-@ y N-
Q-@ by partial discharge measurements on site and laboratory
for power cables [27]. With these data patterns, the internal and
external partial discharge, and corona effect in power cables
XLPE are obtained, and they are used in a computational
implementation to perform data processing using Probabilistic
Neural Networks. The paper is structured as follows, in Section
Il is presented the design of the measurement system in the
LAPEM, practical computational implementation of Probabilistic
Neural Networks, the network configuration and testing, whilst
the results and conclusions are presented in Section Il and 1V,
respectively. Finally, the references and biography of the paper’s
authors are shown.

Il. DESIGN OF THE MEASUREMENT SYSTEM

In the testing laboratory (LAPEM) a prototype developed for
measurement in the power cables XLPE, as shown in Figure 2,
by means of which could perform the different partial discharge
measurements where data were free of noise, this in order to
obtain “clean” standards, both corona discharges as partial
internal and external. Also, this prototype was useful to also
obtain combined data from these measurements, creating a
database to characterize in a better way the artificial neural
network. These data have four columns, the first of which
determines the cycle, the second angle where partial discharge is
presented, the third shows the electric field strength in pC and the
last column indicates the current. However, in this study the
second and third column to validate the proper training of the
PNN was only necessary.

R
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Figure 2. Measuring prototype built in the test lab (LAPEM).

In Figure 3, it is possible observe the magnitude internal partial
discharge (pC) in the power cable XLPE, where most of the data
are in the beginning of the positive and negative cycle.
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Figure 3. Internal partial discharge in power cable XLPE.

The surface partial discharges clearly are observed in Figure 4,
which are created in the middle of both the positive and the
negative cycle, and that have a value greater than pC internal
discharges.
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Figure 4. Surface partial discharge in cable XLPE.

Finally, the characteristics of corona measurements in power
cable XLPE can be observed in Figure 5. This effect is produced
in all that exists in the terminal end of the measurements.
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Figure 5. Corona PD measurements in power cable XLPE.

I1l. DEVELOPMENT AND PRACTICAL IMPLEMENTATION OF THE
PROPOSED PROBABILISTIC NEURAL NETWORK

A. Practical implementation of Probabilistic Neural Network

The Probabilistic Neural Networks can be used in problems
where it is necessary to carry out the data classification. Unlike
the process used for regression problems, in which an adjustment
is made of weights and bases according to the presented error; in
the classification process the weights adjustment is not made and
only output patterns are determined by comparing and
calculating distances. Figure 6 shows the architecture of the
configuration of a Probabilistic Neural Network, in which is
based the RNN developed in this paper.

Competitive Layer

Where...

R = number of
elements in
input vector

al =radbas (Il IWL1. p |l bif) a2 = comper( LW21a1)

alisith element of ar where [WLis a vector made of the i 1 row of TWu

© =number of input/target pairs =number of neurons in layer 1
K = number of classes of input data = number of neurons in layer 2

Figure 6. Architecture of the Probabilistic Neural Network.

The performance of the PNN can be explained as follows,
when the network is presented with an input, the first layer
computes distances from the input vector to the training vectors
and produces a vector whose elements indicate how close the
input is detected with that of training [10]. Then the second layer
sums these contributions for each class of entries seeking to
produce as output a vector of probabilities. Finally, a transfer
function at the output of the second layer contains the maximum
of these probabilities, and produces a 1 for that class and a 0 for
the other classes.

B. Network configuration

The application of neural networks in fault diagnosis has two
stages, stage one is for the training process, during which the
training patterns are supplied to the network to perform
calculations or adjustment of some of its parameters, while
stage two is the process of testing, during which delivers a
known data pattern in order to verify if the output delivered by
the network corresponds to the expected output.

C. Network testing

Some simulations were performed to determine the patterns
extraction of PNN, using a prototype with the three possible
conditions of partial discharges, as shown in Figure 7.
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a) Internal DP

b) Corona ¢) Surface PD
Figure 7. Characteristics of measurement patterns for proposal
PNN.

In order to obtain a large amount of data for training of
Probabilistic Neural Network, measurements were performed in
the power cable XLPE considering seven replicates for each type
of partial discharge. By separating the measurements for each
partial discharge are obtained measurements with the following
characteristics: noise-free and unmixed data. Once the data
needed for the training of PNN were obtained, we proceeded to
generate parameters for generating results.

IV. RESULTS

Once the neural network has been trained and tests have been
performed, the data is processed and presented as a percentage
for each internal and superficial partial discharge, and to the
corona and electromagnetic noise. Figure 8 shows the percentage
of partial discharge in which the concentration of the data is
observed with greater clarity.

From these data, a simulation is performed with the data cluster
of new patterns of partial discharges to obtain the results shown
in Tables 1-6. Table 1 shows the results obtained by considering
the internal partial discharge pattern in which there are a lot of
data of this discharge with respect to other types of PD.

Table 1. Percentages of measurements, internal DP.

Partial discharges | Percentage of PD (%)
Internal 99.2226
Surface 0
Corona 0.6478

Noise 0.1296
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Figura 8. Percentage of each partial discharge in power cable
XLPE.

Table 2 shows the results of the percentage of measurements
obtained by simulation with the data pattern of the surface partial
discharge. In the simulation, 93.5683% of measurements for this
PD is obtained, making it possible to say that the neural network
is trained properly for this pattern.

Table 2. Percentages of measurements, surface DP.

Partial discharges | Percentage of PD (%)
Internal 0
Surface 93.5683
Corona 6.35403
Noise 0.07767

Finally, we carried out the simulation for training the
Probabilistic Neural Network with the corona. This training
section of neural network is the most complicated of the whole
process, since it is possible to determine that there mixtures in
data patterns, however, in Table 3 it is shown that 89.89% of the
measurements correspond to data of corona. In accordance to
above mentioned, the proposed Probabilistic Neural Network is
trained correctly for the case of the corona partial discharge.

Table 3. Percentages of measurements, corona DP.

Partial discharges | Percentage of PD (%)
Internal 5.90717
Surface 1.14474
Corona 89.8958

Noise 3.05229

As part of the innovation of this work, were also classified, in
sections, the data packets of each type of partial discharge. From
these data, it is possible to obtain the average of the magnitude of
partial discharge to understand variability in the measurement.
As shown in Table 4, the magnitude in concentration of internal
partial discharge is 1.19 pC; with this data can be concluded that
the magnitude of the charge of the partial discharge is very high
and if the power cable XLPE continues energized with the
nominal voltage, there may be a break in the insulation after 100
hours of operation, causing a failure of the power conductor. On
the other hand, from the magnitude of the corona is determined
that the cable XLPE already contains in somewhere an tip effect,
which produces said measurement of corona, but is possible to
determine that said magnitude is not sufficiently significant to
affect the measurement, therefore the charge is not
transcendental for the occurrence of an electrical fault.

Table 4. Values of the patterns of internal DP.

Partial discharges | Average of PD (pC)

Internal 1.19418
Surface 0
Corona 0.80966

Regarding the measurement of surface partial discharge, Table 5
shows that the average magnitude of the surface DP is 49.69 DP
pC. This value is not very high compared to the conditions set by
surface DP, thus it can be concluded that the insulation has a
time of considerable lifetime. Compared with the measurement
of corona, is observed that the surface partial discharge is much
higher, which may affect the electrical losses in the cable. This
may be an indication of the need to check the fittings and
connections at terminals of the power cable.

Table 5. Values of the patterns of surface DP.

Partial discharges | Average of PD (pC)

Internal 0
Surface 49.6924
Corona 17.3337

Finally, the measurement of corona is presented in Table 6. In
this table, the condition and value of the corona is very confusing
due to the high values of surface discharge partial, whose
magnitude could be harmful to cable insulation; whilst the value
of corona and internal discharge is not harmful to the insulation,
but as shown in Table 3, just 1.1% of the data correspond to
surface PD. It must be pointed out that over time it is possible to
have insulation breakdown in the power conductor.

Table 6. Values of the patterns of corona DP.

Partial discharges | Average of PD (pC)

Internal 2.2665
Surface 108.457
Corona 63.3199
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V. CONCLUSIONS

A computational implementation based on Probabilistic Neural
Networks for obtaining patterns of partial discharges in XLPE
power cables has been presented. The reliability of the
probabilistic neural network has been demonstrated by
comparing the results obtained with the proposed neural network
and those calculated with the methodologies given in IEC-60270.
The reliability of the probabilistic neural network has been
demonstrated by comparing the results obtained with the
proposed neural network and those calculated with the
methodologies given in IEC-60270. From the data, it can be
concluded that the proper classification of partial discharge is not
sufficient to determine the fault condition; because by the
average of the partial discharge is possible to know the right
characteristics to predict, by time, the parameters that will affect
the safe operation of the power cable.
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