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Abstract: This work proposes a methodology for noise removal, separation, and classification of
partial discharges in electrical system assets. Partial discharge analysis is an essential method for
fault detection and evaluation of the operational conditions of high-voltage equipment. However,
it faces several limitations in field measurements due to interference from radio signals, television
transmissions, WiFi, corona signals, and multiple sources of partial discharges. To address these
challenges, we propose the development of a clustering model to identify partial discharge sources
and a classification model to identify the types of discharges. New features extracted from pulses
are introduced to model the clustering and classification of discharge sources. The methodology is
tested in the laboratory with controlled partial discharge sources, and field tests are conducted in
substations to assess its practical applicability. The results of laboratory tests achieved an accuracy
of 85% in classifying discharge sources. Field tests were performed in a substation of the Eletrobras
group, allowing the identification of at least three potentially defective current transformers.

Keywords: partial discharge; classification; feature extraction

1. Introduction

The occurrence of partial discharge (PD) is often considered a significant indica-
tor of non-conformities in electrical equipment, consistently associated with insulation
issues [1–3]. For this reason, several studies propose PD analysis to detect faults and assess
the operating condition of electrical system assets [4,5].

While PD measurements offer a potential way of estimating insulation system degrada-
tion, the literature widely acknowledges several limitations to their applicability, especially
in online measurements [6–8]. Sensors tasked with measuring partial discharge are sus-
ceptible to interference from radio signals, TV transmissions, WiFi, corona, and other
environmental factors. Moreover, the presence of multiple partial discharge sources makes
fault detection even more difficult, presenting a significant challenge in this field of research.
In this context, distinguishing between different types of partial discharge and isolating
them from other sources of noise emerges as a critical challenge within this research domain.

According to [9], PD typically originates from the following three main sources: corona
discharges, surface discharges, and internal discharges. Corona discharges manifest in
pointed conductive materials or at locations with a high electric field between the conductor
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and the surrounding air. These discharges, being external, are normally not indicative
of insulation degradation. Surface discharges, on the other hand, occur at the interface
of an insulating material with the air and are often triggered by adverse environmental
conditions, mechanical wear, or existing deterioration of the insulating material. Lastly,
internal discharges take place within cavities embedded within the insulating material.
These cavities facilitate the formation of regions with concentrated electric fields, which
can progressively degrade the material until severe failures occur. Understanding these
distinct sources of partial discharges is crucial for effective fault detection and insulation
system assessment.

Both the source of the discharge and the insulating medium in which they occur
can impact the waveform characteristics of the resulting pulse. Hence, numerous studies
have proposed methodologies to identify and differentiate discharge sources by analyzing
features extracted from pulses. One methodology used for this purpose is to utilize
characteristics related to the PRPD pattern (Phase-Resolved Partial Discharge). Generally,
the PRPD pattern remains consistent for each type of discharge, making it useful for
classifying discharge types [10–13]. However, when there are multiple sources of discharges
or excessive noise (common in substation measurements), PRPD patterns become more
complex and difficult to interpret. Another approach involves grouping pulse sources
based on similar characteristics. Typically, features related to pulse duration, frequency,
and shape are used. By grouping pulses by similarity, the separation of PRPD patterns
becomes possible [14–19]. The combined use of unsupervised models for separating
discharge sources and supervised models for classifying PRPD patterns can facilitate the
development of tools for automatic monitoring of partial discharge presence [20,21]. Some
of the main papers found in this area are summarized in Table 1.

Table 1. Summary of the related studies.

Reference PRPD Analysis Clustering Tast Database

[10] Statistical model
(charge, phase, and time) No Experimental and on-site data

[11] AI model without feature extraction No Experimental data

[12] AI model without feature extraction No Experimental data

[13] AI model without feature extraction No Experimental data

[14] Statistical model (charge and phase) Clustering by the time
and frequency Experimental data

[15,16] No Clustering by the energy
and frequency Experimental data

[17] No Linear prediction analysis Experimental data

[18] No Clustering by the wavelet
decomposition components Experimental data

[19] No Clustering by the pulse shape Experimental data

[20,21] Fuzzy analysis (charge and phase) Clustering by the time, frequency,
and pulse shape Experimental data

[22] AI model without feature extraction No On-site (Hydro-generators)

[23,24] AI model for image recognition No On-site (Hydro-generators)

This work AI model (charge and phase) Clustering by the time, frequency,
energy, and shape Experimental and on-site data

As can be seen in Table 1, several authors propose ways of classifying or grouping
partial discharges by statistical models or AI models. However, most studies present these
approaches individually. Furthermore, most studies only verify the functionality of the
classification methodology in controlled laboratory tests [13,14,18–20]. Only a few studies
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evaluate their results on on-site high-voltage equipment. In this area, the most relevant
studies are focused on the monitoring of hydro-generators [22–24]. Therefore, the present
work aims to develop a complete methodology for data preprocessing, separation, and
classification of partial discharge sources. A set of proposed features is used to differentiate
the groups of pulses; an unsupervised model is employed to form clusters; and a supervised
model is used to classify the partial discharge sources. The proposed methodology is tested
with real data obtained both in laboratories and from current transformers at an operating
substation in Brazil. The focus of the tests is on evaluating the viability of noise removal in
field measurements and the separability of the proposed features.

The main contributions of this paper can be summarized as follows:

• Proposing a new set of features for separating and classifying partial discharges.
• Evaluating the accuracy of the features for different controlled types of partial discharges.
• Testing the methodology of preprocessing, separation, and classification of partial

discharges on real data from a power substation in Brazil.

The next sections of this paper are organized as follows: in Section 2, we describe our
methodology for separation and classification of partial discharges. Section 3 presents the
results of our tests on laboratory and on-site measurements. In Section 4, we discuss our
results and provide an outlook for future research.

2. Methodology

This paper presents a methodology for preprocessing, separating, and classifying
partial discharge measurements in high-voltage substations. To achieve this objective,
measurements were carried out in a controlled setup to generate different types of partial
discharges. Additionally, measurements were performed on current transformers in a high-
voltage substation. The PD signals are used to evaluate the effectiveness of the proposed
methodology in distinguishing between partial discharge sources and eliminating noise.
The flowchart presented in Figure 1 illustrates the proposed methodology.
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Figure 1. Methodology flowchart.

2.1. Database
2.1.1. Laboratory Database

The database produced in the laboratory consists of four tests in a controlled environ-
ment, each aimed at producing a single discharge source.

The tests were carried out with the objects presented in Figure 2 to produce the following:

• Corona discharge (a).
• Surface discharge (b).
• Internal discharge (c and d).
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Figure 2. Test objects for measuring corona discharge (a), surface discharge (b), and internal
discharge (c,d).

Furthermore, noise measurements were carried out with the voltage source switched
on without any test sample.

The setup for generating partial discharges is shown in Figure 3.
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The circuit depicted in Figure 3 can generate a high voltage to be applied to the test
objects. The experimental procedure for conducting the tests involves raising the voltage
to the discharge initiation level of the test object and measuring partial discharges using a
High-Frequency Current Transformer (HFCT). The HFCT sensor used for PD measurement
has a bandwidth between 1 and 80 MHz and a sensitivity of 19 mV/mA. A Data Acquisition
System (DAQ) with a sampling rate of 125 MHz was employed for both voltage signal and
partial discharge measurement. Each measurement was conducted within a window of
33.4 ms (two periods of 60 Hz).
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2.1.2. Substation Database

As shown in Figure 4, a similar setup was used for measurements in the substation.
The measurement campaign involves acquiring partial discharges and leakage current
on the grounding cable of current transformers. Since the reference voltage is not always
available in substation measurements, the leakage current sensor is a viable alternative,
as the voltage will be approximately 90◦ out of phase with the current. Measurements
were conducted on a total of 30 current transformers of 345 kV. The HFCT and the data
acquisition system used are the same as those used in the laboratory setup.
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2.2. Signal Preprocessing

The preprocessing stage consists of filtering the measurements and extracting pulses
in fixed windows. Initially, a digital band-pass filter with a lower limit of 1.5 MHz and an
upper limit of 60.0 MHz is used to reject frequency bands outside the sensitivity region of
the HFCT sensor and the Nyquist criterion. Subsequently, filtering based on the wavelet
decomposition technique is used [25,26]. The selection of the mother wavelet is made based
on the preservation of signal energy, as described in [25].

To initiate the separation process for PD measurements, it is necessary to extract and
catalog pulses within fixed time windows. To achieve this, a Python algorithm is devised to
systematically navigate through the entire database and identify these pulses. A threshold
is established based on the background noise level of the measurement, and a window
(t1 − t0) is chosen for the allocation of each pulse.

The background noise calculation is based on the signal’s standard deviation and can
be summarized by the following pseudocode:

1. Read the array signal (signal measured with the HFCT sensor);
2. sigma is equal to the standard deviation of the signal;
3. length is equal to the number of elements along the signal;
4. background_noise is equal to sigma ×

√
2 × log(length).

In this way, a threshold (background_noise) will be calculated so that the noise re-
maining after filtering is not considered valid pulses. The size of the time window for
pulse allocation (t1 − t0) is determined empirically as an 8.0 µs window, ensuring that all
measured pulses can be correctly represented. A representation of the pulse extraction
process is shown in Figure 5.
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After filtering and extracting the pulses, the database is formed by all discharges
extracted in windows of size (t1 − t0), the phase in which the discharge occurred, and the
label according to their respective test.

2.3. Feature Extraction and Clusterization

As the waveform of the pulse waves is the primary source of information for determin-
ing its origin, this paper proposes characterizing the pulse based on the following features:

• Pulse duration (T):
T = t1 + t2; (1)

• Rise time (t1).
• Fall time (t2).
• Time center of mass t0:

t0 =
∑k

i=0 ti ∗ si(ti)
2

∑k
i=0 si(ti)

2 ; (2)

• Frequency center of mass ( f0):

f0 =
∑k

i=0 fi ∗ Xi( fi)
2

∑k
i=0 Xi(ti)

2 ; (3)

• Division between the energy before and after the time pulse’s center of mass (e):

e =
∑t0

i=0 si(ti)
2

∑k
i=t0 si(ti)

2 ; (4)

• Maximum amplitude (P).
• Number of pulse oscillations (N).

Where s(t) is the partial discharge pulse and X( f ) represents its frequency components.
The features are depicted in Figure 6.

Based on the literature review, the basic assumption for separating discharges is that
pulses from the same source must have similar shapes. For this reason, each of the features
was chosen because it has relevant information about the shape of the pulses.

To facilitate separation and visualization of results, the dimensionality of the proposed
features must be reduced. Principal Component Analysis (PCA) was used for dimensional-
ity reduction, making it possible to analyze the results in up to three dimensions. Thus, the
first three principal components (PC1, PC2, and PC3) of the proposed variables are utilized.
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Subsequently, these features are stored, followed by the application of a clustering
algorithm to discern potential clusters within the feature-formed database. The clustering
model used in this work was HDBSCAN (Hierarchical Density-Based Spatial Clustering
of Applications with Noise), as proposed by [27], which enables the formation of groups
based on density. Moreover, this type of model automatically identifies the number of
clusters, which minimizes interference in the process of identifying discharge sources.

2.4. Classification

The classifier model aims to infer, for each cluster formed by the HDBSCAN model,
whether the pulses come from noise or from one of the sources of partial discharges (corona,
superficial, or internal).

As laboratory measurements have labeled sources of partial discharges, the database
formed in the laboratory can be used to train a supervised model that identifies the source
of discharges from the PRPD pattern. Thus, as shown in Figure 7, features related to the
amplitude and phase of the clusters in four sectors of the sinusoid are calculated.
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The features calculated in each sector of the PRPD pattern are as follows:

• Phase average:

T =
∑n

i fi

n
; (5)

• Interquartile distance of the phase:

IQR f = Q3 f − Q1 f ; (6)

• Interquartile distance of amplitude:

IQRa = Q3a − Q1a; (7)

• Interquartile distance of the amplitude divided by the mean amplitude:

IQRa/m = Q3a/m − Q1a/m; (8)

• Interquartile distance of energy:

IQRe = Q3e − Q1e; (9)

• Pulse density:

D =
number o f pulses in the sinusoid sector
total number o f pulses in the sinusoid

; (10)

where fi is the phase of each pulse, n is the number of pulses measured, IQR is the
interquartile distance, and Q1 and Q3 are the first and third quartiles.

A decision tree, a classifier model widely referenced, is trained with 70% of the
database produced in the laboratory and tested with the remaining 30%. After training, the
decision tree is used to analyze the measurements made at the substation.

2.5. Results Evaluation

The evaluation of the proposed methodology is initially carried out through tests in
a controlled environment, where the sources of partial discharges and noise are known.
Subsequently, the methodology is validated in a high-voltage substation, in which the
sources of noise and partial discharges are unknown.

The database obtained in the laboratory is used to evaluate the capability of the
proposed methodology to separate different types of discharges. The pulses measured
in the laboratory are preprocessed and separated, and the result of the classifier model is
evaluated according to its accuracy, precision, and recall.

Accuracy indicates the overall performance of a model considering both the model’s
hits and misses. Its result is given as a percentage, where the closer to 100%, the better the
model’s performance. In practice, its calculation is performed as described in Equation (11).

Tp + Tn
Tp + Tn + Fp + Fn

∗ 100, (11)

where Tp is the number of true positives, Tn is the number of true negatives, Fp is the
number of false positives, and Fn is the number of false negatives.

Precision is a metric that considers only false positives. Like accuracy, precision ranges
from 0 to 100%, with the model’s performance being better the closer its precision is to
100%. If the model has high precision, it indicates that the model is good at identifying
negative cases. The calculation of precision is performed as described in Equation (12).

Vp
Vp + Fp

∗ 100, (12)
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Lastly, recall evaluates false negatives. The goal of the recall metric is the opposite of
precision, meaning it identifies cases where the model correctly identifies positive cases. Its
calculation is performed as presented in Equation (13).

Vp
Vp + Fn

∗ 100, (13)

In this way, the capacity of the proposed methodology to classify discharge sources
can be quantitatively assessed in terms of accuracy, precision, and recall.

On the other hand, the substation measurement database is used to verify the ability
of the proposed methodology to remove noise sources and identify the characteristic
patterns of partial discharges in online measurements. Typically, analyzing the PRPD of
real measurements would not be feasible due to multiple sources of discharges. However,
by segregating the pulses into distinct clusters, each cluster can be individually assessed
based on its PRPD profile.

As measurements in substations are not labeled, it is not possible to calculate accuracy,
precision, and recall metrics. However, the qualitative evaluation of the data measured
in substations can enable the analysis of the effectiveness of the developed filters and the
separation capability of the discharge source separator model. This way, using the proposed
methodology, patterns of corona discharges, surface discharge, or internal discharge can be
identified in online measurements.

3. Results and Discussions
3.1. Laboratory Database Results

A database was formed with the measurements made in the laboratory for corona,
surface, and internal discharges, as well as examples of measurement noise. The database
obtained is described in Table 2.

Table 2. Laboratory database.

Type of Discharge Applied Voltage (kV) N◦ of Acquisitions

Corona 9.0–14.5 100
Surface 10.0 100
Internal 7.0–14.0 100
Noise 10.0 100

As can be observed in Table 2, the laboratory measurements were conducted separately,
comprising four setups. Thus, the pulses obtained in each setup will be exclusively of
a specific type of discharge, which reduces the complexity of the experiments. Another
approach would be to conduct the tests in parallel, with three voltage sources connected
simultaneously. The database formed would be more realistic; however, the complexity of
the tests would be much greater.

In this work, the training of the models and the tests will be carried out in a simulated
manner, combining the measurements from the different setups into a single database.
Since the type of discharge in each setup is known, the measurements can be easily labeled,
and the models can be trained. The separation step of the discharges will be responsible for
grouping and providing the types of pulses individually to the classifier model. For this
reason, there is no issue with conducting the tests separately.

As described in the methodology, the measurements were filtered and the pulses were
extracted, resulting in a total of 110,817 pulses. An example of the filtration process is
presented in Figure 8 for the acquisition of corona discharges.
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A decision tree was trained with the PRPD pattern of the pulses. Moreover, 70% of the
database obtained in the laboratory was used to train the model. The remaining 30% was
used for testing. The supervised discharge classification model achieved a total accuracy of
95.1%, indicating that it was possible to correctly differentiate the PRPD pattern of the three
sources of discharges and noise. All discharge sources achieved more than 90% accuracy in
classification. These results can be seen in Table 3.

Table 3. Classifier model test results.

Type of Discharge Precision (%) Recall (%)

Corona 93.3 92.6
Surface 95.8 95.9
Internal 95.7 93.7
Noise 90.4 93.2

Accuracy (%) 95.1

With the classifier model trained, the proposed methodology for the separation and
classification of discharge sources can be tested. A set of pulses from the separate database
for testing was used in the calculation of the features presented in Section 2.3 of this article.
A sample for each type of discharge (corona, surface, and internal) was selected, simulating
a situation in which the three partial discharge sources occur simultaneously. Next, the
HDBSCAN clustering algorithm was used to separate the pulses into clusters. The result
obtained is shown in Figure 10.
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As can be seen in Figure 10, the clustering algorithm was able to identify three distinct
pulse patterns. This serves as evidence that the set of features proposed in this paper can
represent each pulse in a discernible way, thus enabling the separation of PD sources. As is
typical of the HDBSCAN algorithm, pulses that do not conform to any of the identified
patterns are labeled as outliers and are disregarded during subsequent analyses. After
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clustering, groups can be sorted from their PRPD pattern using the previously pre-trained
classifier model. The clusters identified by the HDBSCAN model are shown in Figure 11a
and the results of the group classification are shown in Figure 11b.
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clusters (a) and classification (b).

From a visual analysis of Figure 11, all discharge patterns were correctly identified.
To quantify the capability of the proposed methodology to separate the types of partial
discharges and classify them, the accuracy, precision, and recall of the test in Figure 11 are
presented in Table 4.

Table 4. Result of separation and classification of a measurement with pulses from multiple
discharge sources.

Type of Discharge Precision (%) Recall (%)

Corona 100.0 94.7
Surface 100.0 80.2
Internal 93.6 97.0

Accuracy (%) 84.9

As can be seen in Table 4, the result of the test performed with the pulses of corona,
surface, and internal discharges obtained a precision of more than 90%, demonstrating
that the methodology allows easy identification of the three types of discharges evaluated.
However, the classification of surface discharges achieved a recall of 80.2%, a relatively low
value. This may have occurred because during clustering some pulses were classified as
outliers and thus left out of the classifier result. In any case, the proposed methodology
allowed the identification of all sources of discharges in a situation in which they occur
simultaneously, resulting in a total accuracy of 84.9%.

3.2. Subestation Database Results

With the classifier trained and the methodology tested with the laboratory dataset,
the on-site measurement was made in a substation from the Eletrobras group. Initially, the
measurements performed on the substation were filtered, and the pulses were extracted
according to the proposed methodology. Due to the large amount of information, it is not
possible to present the results for all 30 current transformers. Therefore, an example of the
filtering process is presented in Figure 12 for an acquisition performed on TC-14.
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Figure 12. Example of partial discharge measurement in the substation before and after filtering
process in TC-14.

The preprocessing step is essential in PD measurements in substations due to various
sources of low-frequency noise that hinder the identification of pulses. As illustrated in
Figure 12, TC-14 exhibited a PD source with an amplitude greater than 100 mV, which was
not discernible without filtering.

Following filtering and pulse extraction, the features outlined in Section 2.3 were
computed for all pulses measured in each of the 30 current transformers at the substation.
The HDBSCAN model was employed to identify clusters within the measurement dataset.
Figure 13 presents an example of this result, focusing once more on TC-14.
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As observed in Figure 13, the proposed features enabled the separation of the measured
pulses into three different clusters. Then, the PRPD of each of these clusters was built and
analyzed to ascertain the nature of each cluster. The PRPD plot of the obtained clusters in
Figure 13 is presented in Figure 14a, as well as the result of the classifier in Figure 14b.
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The analysis of Figure 14 demonstrates that cluster 3 exhibits a typical PRPD pattern
of internal PD occurrence. The separation technique was even able to distinguish between
different sources of noise, as observed in the formation of clusters 1 and 2. As shown in
Figure 14b, the model for separation and classification of discharge sources was able to
correctly identify the cluster, which proves that the methodology could be used in the
automated monitoring of high-voltage equipment in substations.

Although the methodology indicated that the TC-14 had internal partial discharges
and the observed discharge patterns are characteristic of this type of discharge, it has not yet
been possible to categorically confirm the accuracy of the result. Due to practical limitations
for conducting standardized field measurements, the equipment must be removed from the
substation and analyzed in a laboratory to confirm the existence of the fault. However, the
model’s result is a strong indication of the degradation of the TC’s insulation system and
can be used as a criterion for prioritization in the maintenance schedule of the Eletrobras
team. The same procedure described for TC-14 was applied to the entire database. The
analyses enabled the identification of at least two other current transformers possibly
experiencing partial discharges. These transformers are currently under analysis by the
maintenance team at Eletrobras.

4. Conclusions

In this paper, a methodology was developed for preprocessing, separation, and clas-
sification of partial discharge sources based on measurements from HFCT sensors. A
database was produced to evaluate the applicability of these techniques. Laboratory tests
were carried out to generate different sources of partial discharges. The methodology
was also tested with substation data, with a set of partial discharge measurements on
30 current transformers.

An unsupervised model was developed to separate sources of partial discharges
and noise from the cluster of pulses. A new set of attributes was proposed that extracts
characteristics from the shape of the pulses. The attributes were used as input for an
HDBSCAN model capable of automatically identifying discharge groups. The proposed
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grouping model proved to be effective in identifying sources of discharges and noise,
including separating different sources of noise.

A classifier model was trained based on PRPD pattern information from measurements
carried out in the laboratory. The developed model achieved more than 90% accuracy in
identifying all discharge sources.

The proposed methodology, with the stages of preprocessing, separation, and clas-
sification of discharge sources, was tested with data obtained from the substation. The
proposed methodology demonstrated its effectiveness, allowing the identification of faults
in at least three transformers in the analyzed set.

Model results showed that automatic identification of partial discharge is feasible in
online measurements. Using this methodology to recognize partial discharge patterns in
power equipment would facilitate continuous and autonomous monitoring in substations.
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