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The acquisition parameters of an unconventional Partial Discharge (PD) measuring system affect the way
the PD pulses are recorded and in turn, the results of the data processing. The noise based on the oscil-
loscope’s vertical resolution is a feature of the sampled signal that is always present when a digital acqui-
sition system is used. In PD unconventional systems, several parameters such as the sampling frequency
Fs, the acquisition time T, the number of samples N and the vertical resolution VR of the digitizer result in
a wide oscilloscope-based noise variation, that could be quantified by the signal to noise ratio (snr).
The classification map is a tool that came available with the development of unconventional systems,

that due to their wide bandwidth are able to resolve PD pulses in time and apply clustering techniques for
PD source separation. The equivalent time Teq and equivalent bandwidth Weq, used to plot the classifica-
tion map, attempts to extract features of the PD pulses to form clusters so that classification of sources
can be achieved. The classification map is based on the ability of separating PD sources by resorting to
the parameters Teq andWeq, that are believed to show significant differences for distinct PD sources, while
they are clearly consistent for the same source.
This paper conducts a set of theoretical analysis and laboratory measurements to evaluate the influence

of the oscilloscope-based noise on the results of Teq and Weq. The results proved that the classification
map is heavily influenced by the signal to noise ratio.

� 2016 Elsevier Ltd. All rights reserved.
1. Introduction

Partial discharge (PD) measurements are successfully used for
diagnostics and monitoring of high voltage equipment. The tech-
nique finds a broad application scope by taking advantage of many
of the physical properties that can be detected or measured from a
PD event. Depending on the device under test, measurements are
based on detection of acoustic emissions, chemical byproducts or
current/voltage pulses in an external circuit [1]. The electrical
method, i.e. the recording and processing of an electric signal
induced in a detection circuit, is the most frequently used tech-
nique for detection and quantification of the PD magnitudes.

Since the PD signals occur as fast pulses having a duration of
much less than the period of the power frequency waveform,
specific requirements regarding the bandwidth of the measuring
systems are to be met depending on the PD parameter of interest.
Test and measuring circuits for apparent charge, in compliance
with IEC60270 requirements, are described in [2] and are referred
to as conventional systems. With such an instrument is also possi-
ble to compute phase resolved PD patters (PRPD) as a tool to assist
in the recognition of PD sources. This is based on the fact that each
PD source can be linked to a particular pattern (some examples of
PRPD patterns are shown in [3]). If just a single source is active, the
recognition process through the PRPD patterns is an easy task that
can be achieved by an expert or even by an automatized system
[4]. When multiples sources are active, the recognition of sources
is no longer possible by resorting to a database of well-identified
patterns for single sources. In these cases, a large number of uncon-
ventional test circuits have been researched. Typically, unconven-
tional test circuits have extended the bandwidth of the
measuring systems up to the MHz range or even GHz range. A
bandwidth increase has the advantage of approaching the PD pulse
shape. Conversely, in conventional systems the pulse phase occur-
rence and the pulse charge are the only two measured parameters
that are acquired from each single pulse.

Unconventional systems became available with the develop-
ment of modern wideband digitizers that are able to record and
store thousands of individual pulses for further processing. Having
the pulses resolved in time, the research efforts have been directed

http://crossmark.crossref.org/dialog/?doi=10.1016/j.ijepes.2016.12.017&domain=pdf
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towards what is referred to as feature extraction. Assumptions are
made that PD pulses coming from the same source should have
similar shapes. Therefore, from the clustering point of view, the
objective is to find any collection of features that show signifi-
cant differences for distinct PD sources, while being clearly con-
sistent for the same source, so that clusters can be formed in a
plot. This approach has come up with different techniques to sep-
arate and recognize PD sources. Ranging from [5–10] all these
techniques also deal with the need of detecting and cancelling
external signals (noise) coupled to the measuring circuit. In on-
field testing, noise, disturbances and interferences can give rise
to complex PRPD patterns or clusters, leading to misleading
interpretations.

Although each technique has proven to be suitable and even
when they have gained practical application, it might be still dif-
ficult to compare results from different techniques and measur-
ing devices. This has much to do with the PD-phenomena itself.
Being a PD pulse an event that cannot be measured directly,
but only the response of a detection circuit, then the results from
a digital PD system become strongly affected by the particular
parameters of each measuring system; detection circuit plus
acquisition unit.

This paper aims to research several factors affecting the equiv-
alent time and equivalent bandwidth cluster of the PD pulses (also
referred to as classification map), taking into account the noise
based on the vertical resolution of the acquisition system. To show
the influence of the acquisition parameters, the results of a theo-
retical analysis and lab measurements are described in the follow-
ing sections.
Ground electrode

Blocking inductor

C

Fig. 1. Scheme of the partial
2. Set-up description

Measurements were conducted by means of an unconventional
PD system comprised of a high frequency current transformer
(HFCT) type sensor having a bandwidth of 34.4 kHz–60 MHz and
two acquisition units. The first one was based on a high perfor-
mance oscilloscope Tektronix DPO7354C with 8 bits of vertical res-
olution and maximum sampling frequency of 40 GS/s. The second
one was a PXI acquisition card from National Instruments with
12 bits of vertical resolution and 200 MS/s sampling rate. The mea-
suring circuit is shown in Fig. 1.

Acquisition parameters such as sampling frequency, vertical
range and sampling period were then varied depending on the
requirements of the test object. The high performance oscilloscope
has some desirable features like for instance a ‘Fast Frame Acquisi-
tion Mode’ with enhanced capabilities for pulsed signal recording.
Using this feature, the trigger rearming time is normally below
1 ls, which avoids to miss much PD pulses that arrive narrowly
spaced. Once a PD pulse has fired the trigger level, a number of
N samples are recorded. Each recorded pulse is called a frame.
The maximum number of recorded frames depends on the sam-
pling frequency and the sampling period.

The testing program included the use of electrodes for labora-
tory measurements of corona discharges, surface discharges and
free moving particle type discharges. Dimensions and other details
related to the electrodes can be found in [11].

Data processing was achieved by means of a software tool
developed by TU Delft for the purposes of the test platform
reported in [11]. Both the synchronization and the PD pulse signals
HV electrode

oupling  capacitor

discharge test platform.
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were recorded by the oscilloscope. The data were processed by the
software tool to estimate the charge in both frequency and time
domain [12], build the PRPD patterns and apply clustering
techniques.
3. PD pulse classification

The classification process of multiple PD sources mainly con-
sists in finding a set of suitable features that show significant dif-
ferences for distinct PD sources, whereas they are clearly
consistent for the same source. If the selected features succeed in
extracting relevant information, a cluster in a Cartesian plot is
formed for each group of pulses with homogeneous characteristics.
Then, each cluster can be linked to a particular PD source by resort-
ing, e.g. to the PD-pulse height and the phase distribution analysis
[13]. Thus, the classification process can be considered as a process
of separation into clusters, followed by a one of recognition. In next
sections, only the separation process will be discussed.

The features of a PD pulse can be any parameter directly asso-
ciated with the pulse shape, such as the pulse width, the rise time,
the fall time, and the peak value, or any other parameter derived
from the pulse shape. Equivalent time and equivalent bandwidth
are a pair of derived parameters used extensively for classification
purposes (classification map). This technique has been researched
over the last decades [13,14] and since then has encountered wide
practical and industrial application. Currently, some standard-type
technical documents related to the measurement of partial dis-
charge on AC rotating machines [3,15] provide examples of the
use of the classification map for the recognition of PD sources in
stator windings.

The cluster based on equivalent time Teq and equivalent band-
width Weq requires the computation of Eqs. (1)–(3) over each sam-
pled PD pulse signal siðtiÞ.

t0 ¼
PN

i¼1tisiðtiÞ2
PN

i¼1siðtiÞ2
ð1Þ
T2
eq ¼

PN
i¼1ðti � t0Þ2siðtiÞ2
PN

i¼1siðtiÞ2
ð2Þ
W2
eq ¼

PN
i¼1f

2
i jSiðf iÞj2

PN
i¼1jSiðf iÞj2

ð3Þ

The time t0 is then the mean time of the signal weighted by the
power of the signal. The equivalent time Teq can be understood as
the second statistical moment (standard deviation) of time, where
again the weighting factor is the power of the signal. The parame-
ter Weq computes the mean frequency weighted by the frequency
spectrum and usually is interpreted as the equivalent bandwidth
of the sampled signal si(ti).

Due to the widespread application of the classification map, the
following sections will focused on relevant parameters that affect
the results from Eqs. (1)–(3).
Fig. 2. Filtered pulses according to Eqs. (5) and (6), with and without white noise.
3.1. Factors affecting classification map

Whenever an unconventional measuring system is imple-
mented for digital acquisition of PD signals, apart from the distor-
tion/attenuation due to the measuring circuit and pulse
propagation, the sampled signal si(ti) and correspondingly the sig-
nal to noise ratio (snr) is affected by the acquisition parameters
such as the sampling frequency Fs, the acquisition time T, the num-
ber of samples N and the vertical resolution VR of the digitizer.
This is a consequence of the definition of snr as given by Eq. (4),
where the snr entails the computation of the energy of the wanted
signal v and the noise signal n.

snr ¼
PN

i¼1v2
iPN

i¼1n
2
i

ð4Þ

Eq. (4) can lead to several interpretations, e.g. the longer the
acquisition time T of a short-pulse signal, the lower the snr. If
the acquisition time T extends significantly compared to the pulse
duration, then the value of the denominator in Eq. (4) will become
predominant. A similar result comes from the increase of the mag-
nitude of noise, i.e. an increase of ni magnitude. In modern oscillo-
scopes, parameters Fs, T, N and VR can be varied in a wide range,
which directly impacts on the sampling of the signal. Many aca-
demic papers and technical documents are focused on the direct
application of the classification map on measured data, however
they provide little or no insights regarding optimal setting of
acquisition parameters.

Two scenarios were analyzed in order to test the classification
map against the acquisition parameters. Firstly, artificial pulses
were given different signal to noise ratios. Secondly, a number of
lab measurements were conducted on distinct PD sources with
varied Fs, T, N and VR. Then, the classification map algorithm from
Eqs. (1)–(3) were computed on the data. The results of these anal-
ysis are discussed in the next sections.

3.1.1. Classification map for artificial pulses
For this analysis two sets of 604 artificial pulses each were gen-

erated in a math software. Pulses of type yi and xi have the analyt-
ical shape described by Eqs. (5) and (6) respectively.

yi ¼ t � e�108 �t ð5Þ

xi ¼ t10 � e�209 �t ð6Þ
The sampling frequency Fs was set to 200 MS/s and the acquisi-

tion time was 1200 ns. To simulate the HFCT sensor, both types of
pulses were filtered by an order 2 Butterworth filter, bandpass type
with 30 kHz–60 MHz cut-off frequencies. The filter output is nor-
malized to the unity. Then, white noise was added from 20 to
60 dB range to each normalized pulse.

In Fig. 2, filtered outputs of pulses yi and xi are shown in the top
row and bottom row respectively, scaled to 100 pC. Pulses at the
left side are the noiseless pulses, and at the right side there are
examples of 20 dB signal to noise ratio pulses.



Fig. 3. Classification map for the collection of artificial pulses of type yi and xi.

Fig. 4. Change of Weq with signal to noise ratio.

Fig. 5. Classification map for the collection of artificial pulses with varied sampling
frequency.

Table 1
Measurements parameters.

Name VR (mV) Fs (GS/s) T (ls) N (kS)

Test A 0.39 0.2 1 0.2
Test B 0.39 2.5 5 12.5
Test C 0.39 5 2 10
Test D 0.39 1 10 10
Test E 0.39 1 1 1
Test F 0.39 0.2 5 1
Test G 1.56 0.2 5 1
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Because of the different shapes, pulses without noise (square
dots in Fig. 3) appear as two separated points in the classification
map. With the addition of noise, each pulse is represented in such
a way that the lower the signal to noise ratio, the higher the values
of Weq and Teq. Fig. 4 highlights that the values of Weq increase as
the signal to noise ratio decreases, which is also the case for Teq.

Both types of pulses form clearly separated clusters for high val-
ues of signal to noise ratio. However there is a trend at lower signal
to noise ratios towards the merging of clusters into one single clus-
ter despite pulses being different in shape.

Other interesting result is that the pulses are lying in wide
ranges of equivalent time and equivalent bandwidth. This broaden-
ing of the cluster might contribute to the overlapping of clusters in
the case of multiple PD sources, but also it might be argued that the
cluster shape might change due to the signal to noise ratio.

As it was shown in Fig. 3 and Fig. 4, the clusters did not become
merged even with a signal to noise ratio of 20 dB, however when
the Fs value was varied from 200 MS/s to 1 GS/s, the results of
the classification map (Fig. 5) showed that the increase of the Fs
had the effect of bringing the clusters together. For the particular
case of pulses of the type yi and xi studied in this paper, it can be
seen that when Fs = 1 GS/s, the effect of noise is so significant that
both types of pulses start to form only one cluster.

In practical measurements, since the user is to set the acquisi-
tion parameters, not just Fs, being limited by both the specifica-
tions of the instrument and by the characteristics of the PD
pulses, the signal to noise ratio, unintentionally can be high for
some type of pulses but very low for others, particularly being so
when multiple PD sources are measured.

The previous theoretical analysis on artificial pulses provided
significant results to suggest that the signal to noise ratio has an
influence on the classification map. To validate these findings with
practical cases, the effect of the acquisition parameters on the



Fig. 6. PRPD pattern for corona discharges and the characteristic waveform of a
pulse.

Fig. 7. Classification map Weq � Teq for positive corona.

Fig. 8. Effect of the acquisition time T on the results of t0 and Teq for Test C (top) and
Test D (bottom).

Fig. 9. Classification map W � T for positive corona, VR variation.
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classification map was investigated in lab measurements, consid-
ering single and multiple PD sources.
eq eq

Fig. 10. Effect of the number of samples on the results of Weq for Test C (top) and
Test F (bottom).
3.1.2. Classification map for PD pulses
For this analysis, different measurements on a needle-plane

electrode were carried out to produce corona discharges. A test
voltage of 10 kV was applied to the needle. With this arrangement
negative-polarity pulses are produced. However, when positive-
polarity pulses were required the needle was connect to ground
and the plane to the test voltage, i.e. the connections were
reversed.

The self-restoring capability of the insulation (air) and the sta-
bility of corona discharges make them suitable as a source of PD
pulses having fairly homogeneous shapes and a high repetition
rate. Another key factor for choosing this source of PD is that the
pulse shape is exponentially damped as was the shape of the arti-
ficial simulated pulses. Likewise, the repeatability of the measure-
ments is high so that the experiments can be easily duplicated
elsewhere.

The signal to noise ratio was modified for each measurement by
setting different acquisition parameters, which are summarized in
Table 1. The PRPD pattern shown in Fig. 6 was representative of all
measurements in this section which allowed to check for the con-
sistency of the corona discharge source.



Fig. 11. Corona PD pulses recorded with different vertical scale.

Table 2
Measurements parameters for different PD sources.

Name PD source VR (mV) Fs (GSa/s) T (ls) N (kSa)

Test H Source 1 1.9531 1 2 2
Test I Source 1 1.9531 0.2 1 0.2
Test J Source 2 1.9531 0.2 1 0.2
Test K Source 2 1.9531 1 1 1
Test L Source 2 1.9531 1 5 5
Test M Source 2 0.0976 0.2 1 0.2

Source 1 = corona and surface discharges.
Source 2 = corona and free moving particle.

Fig. 12. PRPD pattern for PD Source 1: corona and surface discharges.

Fig. 13. PRPD pattern for PD Source 2: corona and free moving particle discharges.
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The acquisition parameters in test A to test E led to formation of
individual clusters with different magnitudes and shapes in the
classification map (Fig. 7) for the same source of corona discharges.
The shift of the clusters for test C, B and D towards higher values of
Teq was linked to the increase of the acquisition time T, 2 ls, 5 ls
and 10 ls while all of them had a comparable number of samples.

The influence of the acquisition time T on Teq is illustrated in
Fig. 8, where Teq and to are represented for two measured corona
pulses from test C and D.

The value of t0 for a corona pulse with an acquisition time of
2 ls is located closer to the pulse peak, but when the acquisition
time is increased to 10 ls the value of t0 moves to higher values
of time, getting away from the pulse peak. Since t0 is the mean of
the time vector weighted by the power of the signal, then it is
expected that t0 moves away from the signal peak as the acquisi-
tion time T becomes so long that the signal peak is not predomi-
nant anymore; the signal to noise ratio decreases as compared to
the signal with shorter acquisition time. It was verified that for
all 50,000 pulses recorded in test C, the values of Teq and t0 were
located around the signal peak, but they moved away from the
peak in test D as graphically described in Fig. 8.

The comparison between test C and F in Fig. 9 give insights on
the increase of Weq with increased number of samples N. The val-
ues of Weq for an individual pulse from test C and F are shown in
the top row and bottom row respectively in Fig. 10. Pulses recorded
with 1k samples and 0.2 GS/s in test F had a Weq within the fre-
quency spectrum of the PD pulse, but when the samples were
increased to 10k and 5 GS/s the value ofWeq moved towards higher
values as in the case of test C. The increase of the number of sam-
ples N and sampling frequency leads to a higher frequency resolu-
tion in the frequency spectrum (discrete Fourier transform), which
means more frequencies contributing to Eq. (3).
Other comparison case comes from test F and G, where the clus-
ter is shifted toward higher values of Teq while the values of Weq

almost remained unchanged. It is worth noting that this compar-
ison case is similar to the case in Fig. 5 (Fs = 200 MS/s), where
Weq is almost constant for Teq values between roughly 10 to 50 ns.

As can be seen from Table 1, the only difference between tests
was a higher vertical resolution for test G that led to a sampling
with a lower signal to noise ratio. As an example, Fig. 11 helps to
figure out how the pulses from test G are sampled with a lower sig-
nal to noise ratio because of the vertical resolution of 1.56 mV,
roughly 4 times higher than the vertical resolution of 0.39 mV with
which pulses from test F were sampled.
4. Classification map with multiples PD sources

Previous sections already allowed to draw conclusions on how
the classification map is affected by varied acquisition parameters.
In fact, the case with Fs = 1 GS/s in Fig. 5 proved that pulses with
distinct shapes can form clusters that are brought together as a
consequence of decreasing signal to noise ratio. The findings from
the theoretical study and single PD sources are examined in this
section for the case of multiple PD sources.

Laboratory measurements were performed in two distinct com-
binations of PD sources: corona –surface discharges and corona–
free moving particle discharges. Note that according to the conven-
tion in Section 3.1.2, the corona source is negative corona, i.e. the



Fig. 14. Classification map for the test cases J, K, L and M (PD Source 2).

Fig. 15. Classification map for the test cases H and I (PD Source 1).
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pulses have positive polarity. In order to set up different signal to
noise ratios, the measurements were carried out with different
acquisition parameters as depicted in Table 2.

Representative PRPD patterns of both PD source 1 and source 2
are depicted in Figs. 12 and 13.
For the combined PD source 2, corona and free moving particle
discharges, the results of the classification map with varied acqui-
sition parameters are shown in Fig. 14.

From test J, K and M, it is possible to distinguish two separated
clusters, one corresponding to corona discharges (circled by an
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ellipse) and the other one to the discharges from the free moving
particle. In test J, the minimum equivalent frequency difference
between clusters is 8 MHz, while it is of 10 MHz in test M. This
is due to the vertical resolution, that in test M is lower
(VR = 0.0976 mV) than in test J (VR = 1.9531 mV), which accounts
for a higher signal to noise ratio in test M.

With the decrease of the signal to noise ratio, there is a trend to
merge clusters into one single cluster. Particularly, this is the case
in test L.

On the other hand, PD source separation by clusters even with a
proper selection of acquisition parameters might not always be
possible when the shape of the pulses from different sources is
very similar. This is illustrated in Fig. 15 where pulses from PD
source 1, i.e. combined corona and surface discharges, formed just
one single cluster, hindering the separation of sources.

As in cases of previous sections, a lower number of samples as
well a short acquisition time tend to result in pulses with a higher
signal to noise ratio, which facilitates the separation of PD sources
into clusters, e.g. test M. Nevertheless, in test I, pulses from both PD
sources formed one single cluster even when the acquisition
parameters were varied in a wide range, accordingly to tests in
Fig. 15.

After examination of pulses coming from the corona and surface
discharges, it turned out that the shapes of the pulses were fairly
Fig. 16. Comparison of pulse shapes between one corona pulse and one surface
pulse.

Fig. 17. Comparison of pulse shapes between one corona pulse and one free moving
particle pulse.
similar. Two pulses, one from each PD source, were highlighted
as an example to recall their pulse shapes. Fig. 16 shows how the
pulse shapes are quite homogeneous, being only different in the
signal to noise ratio. Conversely, pulse shapes, in any tests from
PD source 2, happened to be different as illustrated in Fig. 17.

5. Conclusion

The classification map as intended for recognition of PD sources
is based on features (Teq andWeq) that are similar for homogeneous
PD pulses, i.e. pulses coming from the same source. However, the
laboratory measurements and the theoretical analysis conducted
in this paper give insights on how the computation of Teq and
Weq are affected by the signal to noise ratio.

When unconventional systems are implemented for the pur-
poses of PD measurements, the signal to noise ratio is in addition
affected by the possible combinations of the acquisition parame-
ters, Fs, T, VR and N that the user and the instrument is able to set.

The experiments with single corona discharges led to the con-
clusion that the variation of Fs, T, VR and N gives rise to clusters
with differences in shape and magnitude, even when the PD pulses
come from the same source. The values of Teq were shown to
increase with longer acquisition times T. Moreover, the increase
of the sampling frequency Fs and the number of samples N shifted
the values of Weq towards higher values.

In practical measurements of multiple PD sources with uncon-
ventional systems, the user sets the vertical resolution, e.g. mV/div
scale in the oscilloscope, so that the majority of pulses are dis-
played in the full screen. Since there will be pulses with higher
and smaller amplitudes, then some pulse will be recorded with a
high and others with a low signal to noise ratio. A consequence
of this is that a collection of PD pulses (even coming from the same
source) with a wide range of amplitudes will also have a wide
range of values of signal to noise ratio. Since the PD pulses are
not homogenous as far as the signal to noise ratio is concerned,
Eqs. (2) and (3) lead to a wide range of values of Teq and Weq. This
can be seen in Fig. 5, where the cluster spreads over a wide range,
increasing the chances for overlapping. The fact that the pulse
waveforms, their amplitudes and durations depend on the measur-
ing circuit and on the interaction with the test object makes unfea-
sible to define a set of acquisition parameters as a guideline for
proper unconventional measurements.

The computation of the classification map on pulses from mul-
tiple PD sources allowed to separate the sources when the pulse
shapes were different and the signal to noise ratio was high
enough. Conversely, when the noise became significant, the exper-
imental measurements showed that the clusters for different PD
sources tended to merge into one single cluster. This was the case
of tests in Fig. 14.

On the other hand, test H and test I proved that when pulse
shapes are similar the classification map is unable to separate
sources into clusters, regardless of the signal to noise ratio.

Other features of the PD pulses are to be investigated as an
attempt to complement and overcome the limitations of the clas-
sification map as a tool for separation of PD sources.
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