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Abstract
The costs of decommissioning high-voltage equipment due to insulation breakdown are associated to the substitution of the asset
and to the interruption of service. They can reach millions of dollars in new equipment purchases, fines and civil lawsuits, aggravated by the negative perception of the grid utility. Thus, condition based maintenance techniques are widely applied to have
information about the status of the machine or power cable readily available. Partial discharge (PD) measurements are an important
tool in the diagnosis of power systems equipment. The presence of PD can accelerate the local degradation of insulation systems
and generate premature failures. Conventionally, PD classification is carried out using the phase resolved partial discharge (PRPD)
pattern of pulses. The PRPD is a two dimensional representation of pulses that enables visual inspection but lacks discriminative
power in common scenarios found in industrial environments, such as many simultaneous PD sources and low magnitude events
that can be hidden below noise. The literature shows several works that complement PRPD with machine learning detectors (neural networks and support vector machines) and with more sophisticated signal representations, like statistics captured in several
modalities, wavelets and other transforms, etc. These methods improve the classification accuracy but obscure the interpretation of
the results. In this paper, the use of a support vector machine (SVM) operating on the power spectrum density of signals is proposed
to identify different pulses what could be used in an online tool in the maintenance decision-making of the utility. Particularly,
the approach is based on an SVM endowed with a special kernel that operates in the frequency domain. The SVM is previously
trained with pulses of different PD types (internal, surface and corona) and noise that are obtained with several test objects in the
laboratory. The experimental results demonstrate that this technique is highly effective in identifying PD for cases where several
sources are active or when the noise level is high. Thus, the early identification of critical events with this approach during normal
operation of the equipment will help in the decision of decommissioning the asset with reduced costs and low impact to the grid
reliability.
© 2016 Published by Elsevier Ltd.
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1. Introduction
Electrical insulation is reported to be the weakest point of electrical assets in high voltage engineering (Kuffel et al.,
2000). The daily operation of power cables and electrical machines leads to high electrical, thermal and mechanical
stresses which tend to degrade the insulation systems until a complete short-circuit between metallic electrodes takes
place. In the previous stages before total breakdown, it is usual to observe low energy ionization processes that
occur within small volumes where highly divergent electrical fields are present, (Wang et al., 2012; Stone & Warren,
2004; Okabe et al., 2010). These processes, called partial discharges (PD) are a consequence of different degradation
mechanisms and may be useful for the diagnosis of electrical equipment at high rated voltages. However, not all PD
may be equally harmful for dielectric materials, and their particular source needs to be identified if a proper analysis
is intended to be made, (Stone & Warren, 2004). Under this assumption, intense work has been made to identify PD
sources from the discharge magnitude represented superimposed to the applied voltage, (CIGRE, 1969; IEC, 2012).
These so-called phase resolved partial discharge (PRPD) patterns are very useful to characterize the status of electrical
machines and power cables.
The interpretation of the results is sometimes complex if several PD sources are simultaneously active, (Venkatesh
& Gopal, 2011b) or if the measurements are made in sites where low signal to noise ratio (SNR) is present, which
is especially noticeable in on-line PD detection, (IEC, 2012; Montanari & Cavallini, 2013). In order to face these
problems, high bandwidth detectors such as high frequency resistors, high frequency current transformers (HFCT) and
inductive loops have been used following the guidelines of the standards measuring PRPD patterns (IEC, 2012, 2000)
though, additionally, they can detect the discharge waveform for further signal processing, (Montanari & Cavallini,
2013; Martı́nez-Tarifa et al., 2010).
Thus, PD pulse waveform analysis can be used in the recognition of the sources of discharges and in the filtering
of noise. Several techniques, such as time-frequency (T-F) maps, (Cavallini et al., 2003.; Allahbakhshi & Akbari,
2011), power ratio (PR) maps (Ardila-Rey et al., 2013) and three-dimensions maps (Hao et al., 2011) permit to group
pulses in clusters based on their source. A wider approach consists in processing these pulses through neural networks
(NN) and machine learning techniques, (Venkatesh & Gopal, 2011b; Chen et al., 2012; Venkatesh & Gopal, 2011a;
Kuo, 2010). In particular, neural networks have been used in (Majidi & Oskuoee, 2015) to classify PD based on
their apparent charge and phase referred to the voltage grid using 18 test objects to gather the events and test the
classification.
Perhaps the closest work in the literature to our approach is (Hao et al., 2008), in which the support vector machines (SVMs) are applied to a particular industrial environment where partial discharge signals are generated with a
commercial calibrator. This work concluded that the SVM applied to the wavelet coefficients achieve almost a perfect
classification, while the spectral response, implemented as the Fast Fourier Transform (FFT) of the pulses, yielded a
very poor generalization capability. Another interesting technique based on the study of the wavelet transform using
SVMs was presented in (de Oliveira Mota et al., 2011) though it has only been tested to separate noise from partial
discharges and not to separate different types of discharges. SVMs have also been applied to PRPD patterns which
can be used as inputs in the training process; (Hao & Lewin, 2010) applied a wavelet transform to reduce the information of the pulses to two parameters, the phase referred to the grid voltage and the average charge amplitude.
Alternatively, the information of the type of discharge is determined using an SVM with an RBF kernel trained with
individual PRPD patterns. The tests were also done individually and combined manually to have several simultaneous
PD sources. They obtained good results in the identification of PD sources though, in a practical application of the
method, the identification through these patterns needs that the testing data set characterizes just one PD source which,
in turn, requires a reliable previous pulse source separation.
In (Wang et al., 2015) the authors use particle swarm optimization (PSO) to fit the parameter σ and the penalty
factor of an SVM with RBF kernel. Then, a group of statistics containing information about the shape of PRPD
patterns are used to train the SVM and classify the events. In (Hunter et al., 2013) a partial discharge is described by
20 features including characteristics in the time domain such as peak amplitude, phase angle, rise and fall times and
the definite integral of the discharge; statistical parameters of the pulses such as mean, standard deviation, skewness,
kurtosis; peak frequency in the FFT and energy ratios from a 9 levels Wavelet decomposition. Then, the SVM is
applied to classify signals from four different defective power cable samples.
In any approach, independently of the applied technique or the parameters used, the training of SVMs or NNs
require a wide and reliable data base of already identified PD sources chiefly through their PRPD patterns which
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could be very difficult to obtain in high-voltage equipment. This is a common drawback that is always present in the
identification of partial discharges with machine learning.
In summary, the current trend in PD classification involves the use of combinations of sophisticated features
extracted from different modalities (wavelets, high order statistics, measurements from signals in the time domain,
PRPD patterns, etc) as input data to neural networks or SVM classifiers with RBF kernels (Raymond et al., 2015). In
general, these approaches achieve very good classification rates in discriminating PD from noise as well as in detecting
PD sources, but in exchange of obscuring the interpretation of the results. The neural networks and the RBF kernel
melt all the input features in a more or less complex classification function, which makes practically impossible to
interpret the results of the classification in the sense that one cannot analyze the contribution nor the relevance of each
individual input feature to the classification.
The approach presented henceforth is more straightforward than the methods used in the reviewed bibliography
and the following features can be considered as original contributions and inherent strengths of the method:
• The algorithm is based on the use of the Power Spectrum Density (PSD) instead of a collection of statistics
to capture the characteristics of the partial discharge type. During the process, the pulse is not modified by
filtering so there is no loss of information and we can easily accommodate theory and results in the discussion
or explanation of the classification.
• The great advantage of SVMs over NNs is the automatic determination of the architecture of the classifier.
NNs need an a priori determination of the number of layers and number of neurons per layer using domain
knowledge. SVMs can be regarded as a single hidden layer RBF NN in which each Support Vector becomes
a neuron. The SVM global optimization automatically determines the number of support vectors, whilst NNs
need a much more intense training to find the architecture of the classifier and learn its parameters; these
optimizations are greedy and prone to local minima (Bishop, 2006).
• The kernel selected for the SVMs in this paper (termed KL-kernel, see section 2.3) operates on the frequency
domain and posses a physical meaning. The KL-kernel measures the overlapping of the PSDs shapes and
the shape of the PSD is influenced by the source of the PD. In this scenario, the most significant qualitative
advantage of the KL-kernel over the ubiquitous RBF kernel is that the former distinguishes frequencies with
high energy from frequencies with low energy in the construction of the similarity. In more detail, first notice
that the input to both kernels are the normalized PSDs of the pulses. The KL-kernel computes the similarity
between two pulses by multiplying their normalized energies in each frequency; this results in two pulses being
similar when their frequencies with higher energy level coincide. However, the RBF kernel bases the similarity
measure on the difference of the normalized energies in each frequency; this biases the total similarity towards
frequencies with low energy, where the differences between the two PSDs will be smaller. Since the physical
meaning of the PSD is that the energy distribution is related to the nature of the PD (or the noise signal), the
KL-kernel is more suited for our purposes since captures similarities in the frequencies of high energy. This
way there is a theoretical link between the classifications and the nature of the pulses as the former are based on
computing similarities among the spectral densities of the test pulses with the spectral densities of the support
vectors (those pulses in the training set found to be critical to define the classification boundary).
• SVM focuses on the definition of the classification boundary, which is considered a safe strategy for the optimization of the classification in scenarios in which data are highly separable (we observed 100% training
classification accuracy and the histograms of soft decisions show also a high separability of the test samples).
In such separable scenarios it is more interesting to put the focus of the classifier on the definition of the classification boundary rather than on the areas with high densities of patterns, where the classification is easy to
perform.
The paper outline is as follows: Section 2 explains the use of SVMs in classification problems and defends the
use of the KL-kernel in the application proposed in this paper. Section 3 describes the measuring circuit and the test
objects designed to generate three types of partial discharges. Section 4 defines the procedure followed to capture the
signals to ensure that the acquisition parameters are maintained during all the process. Section 5 is focused in the
results obtained in the classification highlighting the quality of the detections. Section 6 explains the possibility of
3
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Figure 1: Two different linear discriminant functions classifying the same dataset. The weight vector w defines the separating plane. Both separating
planes have zero errors in the training set, but the maximal margin plane on the right presents a smaller risk of incurring in misclassification of test
samples. In the right hand case, the dotted lines represent the classification margin.

application of the method in industrial environments and, finally, the last section enumerates the conclusions derived
from the work done in the paper.
2. Review of automatic classification
From the point of view of signal processing, the characterization of PD can be regarded as an automatic classification problem (Webb, 2002). The task of the classifier is to identify the correct class of each recorded pulse. The set
of possible output classes varies across experiments. Noise is always an output class and every type of PD that could
appear in the experiment will have its own output class, accordingly. The classifier is trained to discriminate between
the different classes following a machine learning approach. Essentially, a classifier is a mathematical function f (x)
that takes a vector representation of the pattern (pulse) (x) as input and gives an output that indicates the correct class
of this pattern. In the simplest classification scenario there are only two output classes. The usual convention is to
assign a positive label (y = +1) to the instances of one class and a negative label (y = −1) to the instances of the other
class. Following this convention one expects the classifier to be positive when a certain pattern (xi ) belongs to the
positive class (yi = +1), f (xi ) > 0, and negative otherwise: f (xi ) < 0 when yi = −1.
A very intuitive definition of a machine learning method for classification could be a technique that enables the
definition of a useful f (x) from a set of already (and correctly) labelled examples called training set. The ultimate goal
in the definition of f (x) is to achieve the best possible generalization capability, i.e., the ability to correctly classify
instances that were not present in the training set. In more detail, a machine learning method is based on two elements:
a model and a training algorithm. To choose a model means basically to fix a shape for f (x) that depends on some free
parameters. The training algorithm learns suitable values for these free parameters from the training set. Both model
and training algorithm selection are usually made using domain knowledge about the classification task at hand: there
is no universal classification method that systematically outperforms all the other methods in every classification task.
However, nonlinear Support Vector Machines have become a standard de facto in machine learning classification
(Boser et al., 1992; Cristianini & Shawe-Taylor, 2000; Wang & Zhang, 2009) due to their excellent performance in a
number of application domains.
2.1. Support Vector Machines
Originally, an SVM is the linear classifier ( f (x) = wT x + b) that maximizes the classification margin. The
margin is the distance between the classification boundary and the closest sample from each class (see Figure 1). The
margin maximization (that minimizes the risk of misclassifying new data) endows SVMs with excellent generalization
capabilities.
The introduction of the kernel trick (Schölkopf & Smola, 2002) enables the development of a nonlinear version
of the SVM. The kernel trick is a direct way of deriving nonlinear versions of algorithms where the input data appear
exclusively inside scalar products. This trick consists in replacing all the scalar products between input patterns by
evaluations of a kernel function (those satisfying Mercer’s Theorem (Schölkopf & Smola, 2002)). This procedure
4
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assumes that the data are nonlinearly mapped onto a feature space where the scalar product between two mapped
examples can be computed by evaluating a kernel function on the examples in the input space. The selection of the
kernel function is critical since it determines the expressive power of the classifier. This selection is based on prior
knowledge about the problem at hand. The polynomial kernel and the exponential one are arguably the most used
kernels, although there are many other options depending on the specific features of the input data and of the problem
constraints (Shawe-Taylor & Cristianini, 2004). The specific kernel selected for this work is detailed in Section 2.3.
After the introduction of the kernel functions, the classification function of the SVM becomes:
 N

X

f (x) = sign  αi yi κ(xi , x) + b .
(1)
i=1

N
The SVM is a linear combination of kernel functions κ(xi , x) centered on the N training data samples {xi }i=1
, with their
N
N
corresponding labels {yi }i=1 . The coefficients of the linear combination, {αi }i=1 , and the bias term b are the parameters
to be learned in the training stage.
The quantity inside the sign function is usually known as soft output, o(x)

o(x) =

N
X

αi yi κ(xi , x) + b.

(2)

i=1

Intuitively the soft output can give an idea about the confidence of the SVM on the classification. The larger o(x), the
further x falls from the classification boundary and therefore, the higher is the confidence on its correct classification.
The training of an SVM involves the solution of the following constrained optimisation:

 N
N
X

 1 X

αi α j yi y j κ(xi , x j ) + C
ξi 
(3)
min
α1 ,...,αN ,b,ξ1 ,...,ξN 2
i, j=1

i=1

subject to

 N

X

yi  α j y j κ(x j , x) + b ≥ 1 − ξi

i = 1, . . . , N

(4)

ξi ≥ 0

i = 1, . . . , N.

(5)

j=1

The constraints (4) and (5) force that the training examples are correctly classified. Slack variables ξ1 , . . . , ξN
allow for a reduced number of misclassifications in exchange for a smoother classification boundary. The functional
PN
(3) combines the minimization of the number of errors in the training set ( i=1
ξi ) with a regularization term that
endows the classifier with good generalization. A user parameter C trades-off between the classification errors in the
training set and the regularization.
The optimization of this problem in the dual space becomes:
max

α1 ,...,αN

N
X

αi −

i=1

N
1X
αi α j yi y j κ(xi , x j )
2 i, j=1

(6)

i = 1, . . . , N

(7)

subject to
0 ≤ αi ≤ C
N
X
yi αi = 0.

(8)

i=1
N
The optimization of (6) finds suitable values for the coefficients of the combination of kernels {αi }i=1
. The value of the
bias term b is obtained from any constraint (4) corresponding to a training datum with its corresponding coefficient
0 < αi < C (since in such case ξi = 0).
5
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One of the most interesting properties of the SVM is that usually most of the αi become zero, which results in o(x)
being a sparse combination of kernels. Those xi with a nonzero coefficient are called Support Vectors (SVs), since
they define the classifier architecture. The SVs are critical samples for the classification task: one can remove any of
the non-SVs from the training set and the classifier would not change.
Another interesting quantity is the margin of each sample i.e., yi o(xi ). Constraint (4) forces the correct classification of all the training samples. In other words, every training sample should be on the right side of the margin.
Moreover, yi o(xi ) is precisely the distance to the classification boundary. The higher yi o(xi ) is, the further xi lays from
the classification boundary and, hence, the more confident is the SVM about the correct classification of xi .
2.2. Multiclass classification with SVMs
The SVM is a binary classifier, i.e., it is able to discriminate input samples belonging to two different classes.
However, the identification of PD is a natural multiclass problem, since each possible type of PD results from a
different physical process and thus represents a different class. Let us consider a generic problem where input patterns
x can belong to one out of J different output classes, H1 to H J . There are two main strategies to address classification
problems with more than two input classes using binary classifiers as core algorithms: one-vs-all and one-vs-one
classifications. In the one-vs-all setting, a binary classifier per output class is trained. The classifier corresponding to
class Hi is constructed using the training data labeled as class Hi as the positive class and the data not belonging to
class Hi as negative class. Therefore, each classifier tells if test data belong or not to its corresponding class. In the
ideal case just one classifier would claim each test data as belonging to its class. In case of ties, the datum is asigned
to the class whose classifier yields a highest soft output for this datum: i∗ = arg max j {vTj ϕ(x) + b j }, where v j and b j
define the classifier of class H j .
The one-vs-one setting is based on a pool of J(J − 1)/2 binary classifiers, i.e. one classifier per pair of different
classes. Each binary classifier discriminates between two of the possible output classes. The most usual way of
combining the outputs of all the binary classifications into a multiclass output is majority voting. Each output class
can receive up to J − 1 possible votes (each classifier that assigns a datum to a certain class votes for that class) from
the binary classifiers. The pattern is then assigned to the class that receives the majority of the votes.
The related literature reports that both settings can achieve in general similar performances (Rifkin & Klautau,
2004). In this work we choose the one-vs-all. The multiclass problem addressed in the experimental section has three
classes, which yields a total of three binary classifiers to be trained in both cases, but we expect the one-vs-all binary
classifiers to be more robust since all of them will use all the available training data.
2.3. Kullback-Leibler divergence based kernel
The SVMs that form the core of the detectors studied in this work are endowed with a kernel function based
on the Kullback-Leibler divergence. This kernel can be computed for any two pulses x1 and x2 exponentiating a
symmetrisation of the discrete Kullback-Leibler (KL) divergence between x1 and x2 :
κ(x1 , x2 ) = exp{−0.5 · (KL(x1 ∥x2 ) + KL(x2 ∥x1 ))/σ},
with
KL(xi ∥x j ) =

D
X
d=1

xid log

xid
xdj

(9)

,

providing that xdj = 0 implies xid = 0 (we observe this constraint forcing a zero d-th term if either xdj = 0 or xid = 0).
Scalars xid and xdj are the d−th components of vectors xi and x j , respectively.
The rationale behind the use of this kernel is the following. The actual input data to the SVM are the samples
of the power spectrum densities (PSD) of the pulses at intervals of 1 MHz (see Section 3). Each PSD is normalised
to unit area (all the normalised samples add up to one). These input vectors can therefore be regarded as discrete
probabilities, since their components are positive and add up to one. A natural measure of divergence among discrete
probabilities is the KL divergence. However, the KL divergence is not symmetric, and therefore can not be considered
a proper distance. That is the reason for including the symmetrisation of the KL divergence by averaging KL(x1 ∥x2 )
and KL(x2 ∥x1 ). Finally, the exponentiation of a distance becomes a kernel. The parameter σ determines the width of
the kernel.
6

G. Robles et al. / Expert Systems with Applications 00 (2022) 1–20

7

0.15

0.15

0.15

0.1

0.1

0.1

0.05

0.05

0.05

0
0

20

40

MHz

60

80

100

0
0

20

40

(a)

MHz

60

80

100

0
0

(b)
0.15

0.15

0.1

0.1

0.1

0.05

0.05

0.05

20

40

MHz

60

80

100

0
0

20

40

(d)

MHz

40

MHz

60

80

100

60

80

100

(c)

0.15

0
0

20

60

80

(e)

100

0
0

20

40

MHz

(f)

Figure 2: Average power spectrum densities of the training sets pulses for some of the experiments. The average of the spectrums is plotted in thick
line, the shade corresponds to the area at one standard deviation of the mean. Top row, partial discharges without noise; bottom row, noisy pulses
without PD; left column: corona PD; central column: internal PD; right column: surface PD.

Intuitively, the KL kernel somehow measures the area of the overlap between the histograms1 of the two vectors, x1
and x2 . Figure 2 shows the average PSD of the pulses in the training sets of the experiments presented in sections 5.1,
5.2 and 5.3. Notice how the PSDs corresponding to pure noisy pulses are quite similar, while the PSDs corresponding
to pure discharges show more peculiar shapes.
Furthermore, the examination of Figure 2 leads to the conclusion that the widely used Gaussian Radial Basis Function (RBF) kernel (based on computing the difference between input vectors, rather than the area of the overlapping
histograms), will fail to capture the specificities of the discharge detection. As introduced before, a Gaussian RBF
kernel will give the same importance to all the frequencies of the spectrum, while the KL kernel takes into account
only these frequencies carrying a significant part of the energy of the pulses.
3. Setup and test objects
The experimental setup used in the laboratory for the measurement of PD is based on the standard IEC 60270,
Figure 3. High-voltage is applied with a 750 VA transformer to several test objects to generate PD. A capacitive
divider is used to provide a path for high frequency currents generated by the discharges in the test object; these
transients are measured and stored by an acquisition system through a HFCT with a bandwidth up to 80 MHz. The
voltage divider provides the phase reference from the applied high voltage to the acquisition system. All connections
from the test object to the coupling capacitor and from the coupling capacitor to ground are as short as possible and
carefully maintained invariant for the three test objects. This means that the inductance of this loop —test object,
coupling capacitor and impedance Zm — is the same through all the experiments. Additionally, the ground in the
laboratory is an aluminium plane that covers all the floor so there effectively is only one electrical point to connect
1 By

histogram here we mean the plot of the ordered concatenation of all the vector elements.
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Figure 3: Experimental setup based on the standard IEC 60270.

the wires. This minimizes ground loops and the inductance of the returning wire of the loop so the differences in the
pulse shapes will be due to differences in the type of partial discharge. Under these assumptions we can assure that
the fingerprint that identifies the type of a single PD or noise pulse depends on the frequency content of the signal and
the phase referred to the 50/60 Hz network signal. Figure 2 shows that the shaded areas include a wide number of
frequencies where there is power. This means that pulses present individual peculiarities even when they are acquired
from the same test object and during the same experiment. However, the proposed algorithm will be able to accurately
identify the pulses even when this fingerprint has variations provoked by different ionization processes in the corona
setups, different paths in the bushings for surface discharges and different sites for internal discharges. This is due to
differences in the availability of starting electrons, accumulated space charge (Wang et al., 2012), and small changes
in PD site location which affect PD propagation.
All signals were acquired using a NI-PXI-5124 two-channel digitizer with 200 MS/s and a resolution of 12-bits.
The acquisition time window was 1 µs so 200 samples were acquired for every pulse to perform a study up to 100
MHz. Channel 0 captures the power grid signal and Channel 1 the waveform of the high frequency pulses. The phase
is obtained from the time delay of every pulse referred to the zero-crossing of the grid signal.
Three test objects were used to create different types of partial discharges to train and test the SVM algorithm.
• Internal discharges setup: This type of discharges appears in the presence of high electrical stresses in microscopic gaseous voids surrounded by solid or liquid insulation systems due to the differences in permittivity
between these materials. The setup to generate internal discharges consists of three insulating polyamide films
0.35 mm thick. These films, commercially known as NOMEX paper, are usually employed in high voltage
machines due to their high thermal and mechanical resistance. To create a single cylindrical air void inside this
dielectric, the central paper was pierced with a needle, 1.05 mm in diameter. The overall layered dielectric was
inserted in a polyethylene envelope to create vacuum inside and the entire system was immersed in mineral oil
to avoid surface discharges at low voltages, Figure 4(a).
• The surface discharges setup creates ionizations that propagate along paths on solid dielectric-gas interfaces
orthogonal to the main component of the applied field. This test object was a ceramic bushing with a copper
band wrapped around at the middle to create short paths. Additionally, the insulator surface was contaminated
with salty water to favor the ionization paths for surface discharges, Figure 4(b).
• Corona discharge setup: These discharges are produced at the tip of sharp metallic objects subjected to high
voltages due to high electrical field divergences. They are the result of local ionizations in the surrounding gas.
In this particular case, a 0.5 mm thick needle was placed above of a metallic ground plane. The relative distance
between the needle and the plane is adjusted with a screw to 1 cm. The supporting frame is made with Teflon
to avoid undesired arcing, Figure 4(c).
The capacitances of the test objects might also affect to the pulse signal propagated through the measuring loop.
However, all their values are below 10 pF and their effect in the pulse shape can be considered negligible.
8
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(a) Insulating sheets immersed in mineral oil

(b) Contaminated ceramic bushing

9

(c) Corona test object

Figure 4: Test objects to create partial discharges.

Type of PD
Corona PD
Corona PD and noise
Internal PD
Internal PD and noise
Surface PD
Surface PD and noise

Trigger level (mV)
2.2
1
5.1
0.9
2.2
1

Table 1: Trigger levels for different test objects.

4. Measuring process
The process followed during the acquisition is always the same. First, noise is characterized by measuring signals
with the test object connected to the coupling capacitor but with the high-voltage source switched off. The maximum
peaks of noise are annotated by setting the trigger level as high as possible. This level is important because it will be
the threshold that differentiates pure partial discharges from noise blended with partial discharges. Then, the voltage
is increased until the partial discharge inception voltage (PDIV) is reached. This voltage depends on the type of test
object and can be as low as 1300 V or as high as 14000 V in the objects used in the experiments. Once the PDIV is
found, the voltage is again increased until a stable activity of discharges is found during at least 10 minutes. Then, the
trigger level of the acquisition system is set high, so we only capture partial discharges. Measurements are then taken
and labeled as partial discharges. Finally, with the same high voltage, the trigger level is set below the threshold so we
can record partial discharges and noise in the same file. Table 1 summarizes the trigger levels used in the experiments
with three test objects. After all the process there are three files: the first contains noise pulses only, the second are
partial discharges only and the third partial discharges blended with noise. The first two are used to train the classifier
and the last one is used to test the identification capability of the system. The setup is carefully maintained invariant
so the inductance does not change during all the process and all signals are acquired in the same conditions so we can
do a reliable parametrisation.
The analysis of each pulse is performed as follows. The normalized power spectrum density of each pulse is fed
9
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to an SVM trained to discriminate the type of pulse. Plotting the pulses in a PRPD graph helps to know by simple
visual inspection if the label assigned to each pulse by the SVM is correct. More details referring to PRPD pattern
acquisition and pulse spectrum processing are presented in (Ardila-Rey et al., 2013, 2012), respectively.
With respect to the training of the SVMs, we have followed a very standard approach. The SVMs are endowed
with the KL based kernel, whose width parameter is selected in a logarithmic scale between 0.0025 and 4. The
regularisation parameter C is also selected in a logarithmic scale between 10−4 and 104 . The tuning of these two
parameters is carried out by ten fold cross validation in a grid search. Notice that the test pulses are never involved in
the tuning of these parameters, since they were acquired separately from the training pulses. As indicated in section
2.2, in the experiments with multiple types of PDs (plus noise) we employed a one-vs-all multiclass SVM setting. All
the SVMs forming each multiclass classifier share the same hyperparameters. These shared hyperparameters were
tuned using the same cross validation framework described above.
5. Results
This section first represents the signals classified by the SVM in PRPD patterns to check how accurate is the
algorithm. The points laying close to the boundaries are highlighted to find out how many signals are difficult to
classify into one of the classes. Then, a deeper study of the distribution of the signals versus the distance to the
boundary is done to assess the quality of the detections.
5.1. Internal discharges
The first test object is used to generate internal discharges by applying a voltage of 4.7 kV. The total number of
events, discharges plus noise, is 3521, and the classifier labels 2978 signals as discharges, and 543 as noise. The file
also contains information about the phase of every pulse referred to the synchronization at 50 Hz. Plotting the peaks
of the signals in a PRPD gives the pattern shown in Figure 5. The black points correspond to pulses labelled as PD
and the grey points to noise. Having pulses with large magnitudes around 0◦ , 180◦ and 360◦ is a clear indication that
the test object is effectively creating internal discharges. The points corresponding to noise are not correlated with the
synchronization signal. This plot also shows that many of the PD pulses are very close to the noise level and even
below, so there are discharges with a very low signal to noise ratio (SNR). This makes identification and classification
a difficult task and the reliability of the algorithm in differentiating noise and discharges has to be checked. This is
done by highlighting with a white circle all points that lay within the interval [−0.2, 0.2] of distances to the hyperplane.
These pulses are the most conflictive because they are very close to the decision boundary so they very likely have
information about noise (soft outputs < 0) and partial discharges (soft outputs > 0). A closer study of the signals in
the time domain is done by plotting some pulses belonging to this interval. Figure 6 shows a characteristic pulse for
internal discharges and noise whereas Figure 7 shows an example of three pulses that lay close to the classification
boundary. Notice that all the signals in Figure 7 have two different pulses in the same time window, noise and partial
discharge. All these points lay below noise level, but most of the points with low amplitudes are not conflictive so
the classifier is able to label pulses as discharges reliably even when they are blended with noise. How the algorithm
copes with these cases will be explained in subsection 5.5.
5.2. Surface discharges
A total of 795 pulses were collected from the test object that generates surface partial discharges by applying
a voltage of 14 kV. The SVM finds 332 discharges and classifies 463 pulses as noise. Figure 8 shows the pattern
resolved for this case which is typical of surface discharges with events in the phases where the voltage is close to its
maximum absolute values. Again, the dubious pulses that are close to the hyperplane in the interval of distances from
−0.2 and 0.2 have been highlighted so the reliability of the classification can be judged. There is only one hit around
280◦ so the classifier is able to accurately distinguish between surface discharges and noise.
5.3. Corona
In this case, the voltage found to have a stable activity of PD was 3 kV. The test set is a total of 2405 pulses where
partial discharges and noise are blended in an unknown percentage. The SVM classifies 1592 pulses as PD and 813
as noise. The PD pattern, Figure 9, can be easily recognized as corona because the phases are close to 90◦ and 270◦
while the amplitudes are fairly constant. The classifier in this experiment discriminates between corona and noise
perfectly and the separation shows no dubious points.
10
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Figure 5: PRDP for predicted pulses in internal discharges test object.

Figure 6: Two pulses in the time domain: an internal discharge and a pulse considered as noise.
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Figure 7: Examples of pulses with shorter distances to the separation hyperplane.

5.4. Blended signals including corona, internal and noise
This experiment was done with two test objects, corona and NOMEX layers, connected in parallel to high voltage
at 4.7 kV so there were two active sources of partial discharges and background noise simultaneously. The capability
of the detection algorithm is strained with the use of the training data from the other experiments. Notice, that
having the test objects in parallel gives a total equivalent capacitance different from the single experiments which is
a further improvement compared to other works where the data from different experiments were combined manually.
In consequence, the current pulses are derived through two paths so the classifier shall cope with new shapes of the
pulses. Moreover, now there will be three different classes (noise, and two types of PD), increasing the difficulty of
the classification.
The multiclass classifier is formed by three binary SVMs, each trained to discriminate between one of the output
classes and the rest. The final class of each pulse is the one corresponding to the binary classifier that assigns a larger
positive margin to the pulse, i.e., the classifier that is more confident about the classification of such pulse as belonging
to its positive class. The total number of pulses is 4963 and the algorithm classifies 1135 as corona, 593 as internal and
3235 as noise. The results are shown in Figure 10 where black points correspond to internal discharges, middle-grey
points to corona and light-grey points to noise. The performance of the classification is remarkably good considering
that there are internal discharges that are below noise level. Notice that both corona and internal discharges are placed
correctly in phase and the dispersion of their amplitudes fits the expected behaviour.
5.5. Quality of detections
Figure 11 shows the normalised histograms of the soft decisions output by the detector. The SVM were trained
to give an output smaller than −1 when the pulses were noise and greater than +1 when the pulses were PD. In the
corona and surface cases there is no doubt that a majority of pulses are clearly classified. The surface case (Figure
11(c)) presents a bias in the noise side (some noisy pulses fall to the right of the left margin) but there is a wide gap
between the soft outputs for PD and noise.
With respect to internal PD, the pulses that fall within the margins correspond to co-occurrences of PD and noise
in the same pulse as shown in the time plots, Figure 7. Notice that the training sets (see Figure 2) were formed by
pulses containing either a PD or just noise. These pure pulses lay on the safe side of the margins. Pulses that contain
12
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Figure 8: PRDP for predicted pulses in surface discharges test object.
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Figure 9: PRDP for predicted pulses in corona test object.
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Figure 10: PRDP for predicted pulses in multi-class classification.
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energy due to a PD and to noise will fall within the margin (−1, 1). If most of their energy falls in the corresponding
PD band, the pulses will be closer to the right margin. However, if most of the energy falls in the noise bands, the
pulses will be closer to the left margin.
Figure 12 displays in deeper detail the shape of the test pulses that fall within the detection margins in the case
of internal PD. Parts (a) and (e) display the average PSD corresponding to the training examples of internal PD and
noise, respectively. Parts (b), (c) and (d) show the average PSD of the pulses whose soft outputs fall between −1
and 1, i.e., pulses for which the classification is uncertain. In the cases (b) and (c), the pulses present a mixture of
PD and noise. The more energy in the PD bands, the closer to 1 gets the decision. Analogously, when most of the
energy is in the noise bands, the classification of the pulse falls closer to noise. Part (d) displays pulses very close to
the noise examples. The small value of the soft output in this case is due to some energy leaking in the internal PD
frequency band due to very few pulses that might be considered partial discharges but that are effectively disregarded.
The interval [−0.2, 0.2] is considered the most critical in terms of uncertainty, so the points laying in this interval were
chosen to be plotted as dubious in the PRPD patterns.
6. Discussion on industrial applications
The experiments described in the paper present the three types of discharges that can be found in electrical assets.
It is crucial to identify the type of discharge because it is directly related to the importance of the potential failure.
Internal discharges can cause catastrophic breakdowns in short periods of time since their first inception. Surface
discharges can short-circuit high voltage terminals to ground unexpectedly rendering the insulation useless but, in
most of the cases, respecting the asset. Corona discharges are usually unharmful but they add electromagnetic noise
to the measuring setups and instrumentation. Any PD measuring system captures thousands of signals per second and
the proposed algorithm has to identify and classify them considering the risk they pose to the insulation. In this paper,
the experiments have been designed to generate only one type of discharge to train the SVM and then identify it when
more types are present as shown in section 5.4.
This process works in the laboratory when the type of discharge can be isolated and can also be applied to field
measurements following a measurement protocol. The procedure is based on the identification of events sequentially
with the aid of PRPD patterns. The first step would be the characterization of the noise level and spectrum before
energizing the device under test. The SVM can be trained with these signals so labelling this class would not represent
a problem. On the contrary, in harsh environments with the piece of equipment in service, only PDs with high
amplitudes may be detected clearly so the acquisition system is set to acquire high signal-to-noise ratio events. These
pulses would be partial discharges if they have certain correlation with the phase in a PRPD but the type would still
be unknown. The SVM would be trained to label these events as PDs and, considering that the PSD shape is the same
for pulses with lower amplitudes, they would be identified even when the signal-to-noise ratio is low. At this stage
there would be only two classes, PD and noise, but the procedure can go further with the classification of the type of
PD. The next step would be to represent in a PRPD only those signals that have been labelled as PDs. This allows
to separate classes in different types considering their specific phases in the PRPD. The SVM can be trained again to
identify these classes and noise so, under these circumstances, the SVM algorithm will identify PDs, even those that
are hidden by noise.
Alternatively, there may be discharges that always have low amplitude levels and would not be identified in the
process. In these cases, the events close to the hyperplane can be plotted individually in a PRPD pattern to find out
their nature and create a new class if necessary.
7. Conclusions
The use of SVM fed with the normalized power spectrum densities has been proved to be a successful technique
to identify noise and types of partial discharges. Due to the impulsive nature of partial discharges, the conducted
signals will have information about the transmission line but they will also have a specific fingerprint that characterise
them as a determined type. Alternatively, noise signals have a spectra whose characteristic bands of energy usually do
not necessary coincide with the information of partial discharges. This fact was exploited by testing several kernels,
including RBF with different sigmas, being the kernel function based on the Kullback-Leibler divergence the most
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(a) Corona PD

(b) Internal PD

(c) Surface PD
Figure 11: Histogram of the soft decisions (values inside the sign operation in equation (1)) given by the detector for the test sets of some of
the experiments. The margins are plotted in dotted lines; to the left of the leftmost margin the pulses are clearly noise, whilst to the right of the
rightmost margin the pulses are clearly PD. Pulses between margins are uncertain.
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(a) Internal PD in the training set (soft decision greater than
1).

(b) Test pulses with a soft decision between 0.6 and 0.8.
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(e) Noise pulses in the training set (soft decision smaller
than -1).
Figure 12: Averaged PSD of pulses that yield qualitatively different soft decisions in the classifier of the experiment with internal PD and noise.
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appropriate and the one that gave best results. The measurement of internal discharges carried out in the laboratory
yielded signals with low amplitudes that had low signal to noise ratios. This permitted to strain the algorithm and
test it in a delicate situation where there were not clear results in the PRPD pattern plot. The conclusions show that
most internal discharges, even below noise level, and most noise signals are classified correctly and there are few
uncertainties that even a human expert would not be able to classify. On the contrary, in these experiments, surface
and corona discharges have larger amplitudes and they are classified even better as shown in the PRPD patterns with
a small uncertainty as suggested by the histograms of the soft decisions. Hence, the SVM is able to discriminate
between different types of partial discharges and partial discharges and noise with low or high SNR. Finally, a test
object that generates internal and corona discharges simultaneously was used to further test the applicability of the
algorithm to cases were several sources of PD are active. The SVM classifiers were trained with the same signals
used in the other experiments, while the noise, internal and corona pulses obtained in this experiment were fed as test
signals.
Moreover, the proposed method arrives at an almost complete separation in the test sets using the shape of the
PSD as single modality to represent information. Most works in the literature use as features collections of statistics
and parameters derived from the signals in more or less sophisticated decision functions, mostly through multiple
layer neural networks. The shape of the PSD has proved to be a natural and reliable modality; it contains most of
the information needed to identify the signal so that the classification algorithm does not discard any information a
priori. Besides, the SVM is able to deal with this high dimensional information through the kernel trick (a full PSD
can be applied with the frequency resolution we can afford without compromising the capabilities of the classifier),
arriving at a separable problem (prefect classification of training sets) with a great generalization capability (almost
perfect classification of the test samples). Furthermore the kernel based on the Kullback-Leibler divergence enables
a physical interpretation of the classification results in terms of the overlapping of the PSDs of the pulses. That is,
this kernel measures the similarity between two pulses in how close are their respective distribution of energy across
the spectrum. Besides, to combine modalities in a same classifier is not straightforward. Intuition says that to add
extra sources of information may help or not to improve performance, but if handled carefully, this should not spoil
the results achieved with a single modality. Since the experimental results show that the chosen modality is valid to
solve the problem with high accuracy, there is no need to explore further increases of the classifier capacity by the
incorporation of new modalities.
The use of PSDs to identify the events is not free from complications derived from the intrinsic characteristics of
the measuring system. The partial discharge is an impulse that occurs somewhere inside the asset and is conducted
following an electric path to ground so it excites the resonant modes of the circuit resulting in an oscillating signal at
the acquisition system. Then, the PSD shape would have information about the type of PD, the measurement circuit
and the propagation path. Moreover, in general, the discharges can happen in different locations inside the asset and all
of them would follow similar paths to ground so this method would hardly be able to detect whether there is only one
or several locations close together. Additionally, the SVM needs a previous training and this can pose some difficulties
in the identification when not all the types have been characterized, especially those with low amplitudes that cannot
be captured individually. This requires a postprocessing of the data with the aid of PRPD patterns to identify those
classes that have been classified with a high degree of uncertainty.
A promising line of research focuses on the design of kernels that are selective in frequencies. This will not
mean a great improvement on the classification accuracies since they are already high, but will certainly contribute
to a better characterization of the nature of the PD. Another line involving kernel design pursues the incorporation
of other modalities, such as time statistics in the classification through a multiple kernel learning or learning from
multiple views paradigm. Finally, the most promising line of research aims at coming up with features that enable the
detection of new sources of PD not addressed in the training set.
References
Allahbakhshi, M., & Akbari, A. (2011).
A method for discriminating original pulses in online partial discharge measurement.
Measurement, 44, 148 –58. URL: http://www.sciencedirect.com/science/article/pii/S0263224110002320.
doi:http://dx.doi.org/10.1016/j.measurement.2010.09.036.
Ardila-Rey, J., Martı́nez-Tarifa, J., Robles, G., & Rojas-Moreno, M. (2013). Partial discharge and noise separation by means of spectral-power
clustering techniques. Dielectrics and Electrical Insulation, IEEE Transactions on, 20, 1436–43.

19

G. Robles et al. / Expert Systems with Applications 00 (2022) 1–20

20

Ardila-Rey, J., Martı́nez-Tarifa, J., Robles, G., Rojas-Moreno, M., & Albarracin, R. (2012). A partial discharges acquisition and statistical analysis software. In Instrumentation and Measurement Technology Conference (I2MTC), 2012 IEEE International (pp. 1670–5).
doi:10.1109/I2MTC.2012.6229187.
Bishop, C. M. (2006). Pattern Recognition and Machine Learning (Information Science and Statistics). Secaucus, NJ, USA: Springer-Verlag New
York, Inc.
Boser, B. E., Guyon, I., & Vapnik, V. (1992). A Training Algorithm for Optimal Margin Classifiers. In Computational Learing Theory (pp.
144–52). URL: citeseer.ist.psu.edu/boser92training.html.
Cavallini, A., Montanari, G., Contin, A., & Pulletti, F. (2003.). A new approach to the diagnosis of solid insulation systems based on PD signal
inference. IEEE Electrical Insulation Magazine, 19, 22–30.
Chen, H.-C., Gu, F.-C., & Wang, M.-H. (2012).
A novel extension neural network based partial discharge pattern recognition method for high-voltage power apparatus.
Expert Systems with Applications, 39, 3423 –31. URL:
http://www.sciencedirect.com/science/article/pii/S095741741101339X. doi:http://dx.doi.org/10.1016/j.eswa.2011.09.030.
CIGRE (1969). Recognition of Discharges. Electra.
Cristianini, N., & Shawe-Taylor, J. (2000). An Introduction to Support Vector Machines and Other Kernel-based Learning Methods. Cambridge,
UK: Cambridge Univ. Press.
Hao, L., Lewin, P., Hunter, J., Swaffield, D., Contin, A., Walton, C., & Michel, M. (2011). Discrimination of multiple pd sources using wavelet decomposition and principal component analysis. Dielectrics and Electrical Insulation, IEEE Transactions on, 18, 1702–11.
doi:10.1109/TDEI.2011.6032842.
Hao, L., Lewin, P., & Swingler, S. (2008). Improving detection sensitivity for partial discharge monitoring of high voltage equipment. Measurement
Science and Technology, 19, 055707:1–055707:10. URL: http://eprints.soton.ac.uk/265457/.
Hao, L., & Lewin, P. L. (2010). Partial discharge source discrimination using a support vector machine. IEEE Transactions on Dielectrics and
Electrical Insulation, 17, 189–97. URL: http://eprints.soton.ac.uk/268525/.
Hunter, J., Lewin, P., Hao, L., Walton, C., & Michel, M. (2013). Autonomous classification of pd sources within three-phase 11 kv pilc cables.
Dielectrics and Electrical Insulation, IEEE Transactions on, 20, 2117–24. doi:10.1109/TDEI.2013.6678860.
IEC (2000). High Voltage Test Techniques. Partial Discharge Measurements. IEC 60270 (3rd ed.).
IEC (2012). Rotating electrical machines- Part 27-2: On-line partial discharge measurements on the stator winding insulation of rotating electrical
machines. IEC 60034-27-2.
Kuffel, E., Zaengl, W. S., & Kuffel, J. (2000). High Voltage Engineering Fundamentals. Oxford, Newnes.
Kuo, C.-C. (2010). Artificial identification system for transformer insulation aging. Expert Systems with Applications, 37, 4190 –7. URL:
http://www.sciencedirect.com/science/article/pii/S0957417409009464. doi:http://dx.doi.org/10.1016/j.eswa.2009.11.004.
Majidi, M., & Oskuoee, M. (2015). Improving pattern recognition accuracy of partial discharges by new data preprocessing methods. Electric Power Systems Research, 119, 100 –10. URL: http://www.sciencedirect.com/science/article/pii/S0378779614003356.
doi:http://dx.doi.org/10.1016/j.epsr.2014.09.014.
Martı́nez-Tarifa, J., Robles, G., Rojas-Moreno, M. V., & Sanz-Feito, J. (2010). Partial discharge pulse shape recognition using an inductive loop
sensor. Measurement Science and Technology, 21, 105706. URL: http://stacks.iop.org/0957-0233/21/i=10/a=105706.
Montanari, G., & Cavallini, A. (2013). Partial discharge diagnostics: from apparatus monitoring to smart grid assessment. Electrical Insulation
Magazine, IEEE, 29, 8–17. doi:10.1109/MEI.2013.6507409.
Okabe, S., Ueta, G., Wada, H., & Okubo, H. (2010). Partial discharge-induced degradation characteristics of insulating structure constituting
oil-immersed power transformers. Dielectrics and Electrical Insulation, IEEE Transactions on, 17, 1649–56. doi:10.1109/TDEI.2010.5595570.
de Oliveira Mota, H., da Rocha, L. C. D., de Moura Salles, T. C., & Vasconcelos, F. H. (2011). Partial discharge signal denoising with spatially adaptive wavelet thresholding and support vector machines. Electric Power Systems Research, 81, 644 –59. URL:
http://www.sciencedirect.com/science/article/pii/S0378779610002658. doi:http://dx.doi.org/10.1016/j.epsr.2010.10.030.
Raymond, W. J. K., Illias, H. A., Bakar, A. H. A., & Mokhlis, H. (2015).
Partial discharge classifications: Review of recent progress. Measurement, 68, 164 –81. URL: http://www.sciencedirect.com/science/article/pii/S0263224115000901.
doi:http://dx.doi.org/10.1016/j.measurement.2015.02.032.
Rifkin, R., & Klautau, A. (2004).
In defense of one-vs-all classification.
J. Mach. Learn. Res., 5, 101–41. URL:
http://dl.acm.org/citation.cfm?id=1005332.1005336.
Schölkopf, B., & Smola, A. J. (2002). Learning with kernels. Cambridge (MA): MIT Press.
Shawe-Taylor, J., & Cristianini, N. (2004). Kernel Methods for Pattern Analysis. New York, NY, USA: Cambridge University Press.
Stone, G., & Warren, V. (2004). Effect of manufacturer, winding age and insulation type on stator winding partial discharge levels. Electrical
Insulation Magazine, IEEE, 20, 13–7. doi:10.1109/MEI.2004.1342428.
Venkatesh, S., & Gopal, S. (2011a). Orthogonal least square center selection technique. A robust scheme for multiple source - Partial
Discharge pattern recognition using radial basis probabilistic neural network. Expert Systems with Applications, 38, 8978 –89. URL:
http://www.sciencedirect.com/science/article/pii/S0957417411001357. doi:http://dx.doi.org/10.1016/j.eswa.2011.01.115.
Venkatesh, S., & Gopal, S. (2011b). Robust heteroscedastic probabilistic neural network for multiple source partial discharge pattern recognition - Significance of outliers on classification capability.
Expert Systems with Applications, 38, 11501 –14. URL:
http://www.sciencedirect.com/science/article/pii/S0957417411004349. doi:http://dx.doi.org/10.1016/j.eswa.2011.03.026.
Wang, H. X., & Zhang, L. F. (2009). Identification of two-phase flow regimes based on support vector machine and electrical capacitance tomography. Measurement Science and Technology, 20, 114007. URL: http://stacks.iop.org/0957-0233/20/i=11/a=114007.
Wang, K., Li, J., Zhang, S., Liao, R., Wu, F., Yang, L., Li, J., Grzybowski, S., & Yan, J. (2015). A hybrid algorithm based on s transform and
affinity propagation clustering for separation of two simultaneously artificial partial discharge sources. Dielectrics and Electrical Insulation,
IEEE Transactions on, 22, 1042–60. doi:10.1109/TDEI.2015.7076806.
Wang, L., Cavallini, A., Montanari, G., & Testa, L. (2012). Evolution of PD patterns in polyethylene insulation cavities under ac voltage. Dielectrics
and Electrical Insulation, IEEE Transactions on, 19, 533–42. doi:10.1109/TDEI.2012.6180247.
Webb, A. (2002). Statistical Pattern Recognition. John Wiley and Sons.

20

