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Abstract—Pollution on the surface of an insulator, combined
with conditions such as fog, dew, or moisture, directly influences
partial discharge (PD) activity, a key indicator of an insulator’s
aging process. Using an artificial pollution chamber, three classes
of insulators were subjected to saline dew across multiple test
runs, during which radio frequency emissions were recorded
by an antenna. The contamination process was monitored and
characterized using three indicators derived from the cumula-
tive energy per interval, the cumulative average time between
signals, and the cumulative distributed energy. By employing
segmented regression analysis on these variables, it was possible
to detect and quantify changes in PD activity as measured
in the ultrahigh-frequency (UHF) band by a nearby antenna.
Compared with galvanic, leakage-current-based approaches and
artificial intelligence (AI)-based models, the proposed scheme has
lower computational cost and provides operator tunable alert
states for training-free, noncontact, trend-based early warning.
In every test run, the developed algorithm identified at least one
trend change by 80% of the test duration. Analyzing each trend
change with the three indicators enabled graded alert states,
demonstrating flexibility for assessing flashover (FO) risk. In all
experiments conducted on the different types of insulators, FO
consistently occurred during the highest alarm state.

Index Terms—Antenna, flashover (FO), insulators, partial
discharge (PD), ultrahigh-frequency (UHF) measurement.
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I. INTRODUCTION

IGH-VOLTAGE insulators play a fundamental role in

electrical power transmission and distribution systems,
as they provide electrical insulation between high-voltage
components and the surrounding infrastructure. These devices
form a barrier between the energized parts of an electrical
circuit, preventing current flow to undesired conductive paths,
even under extreme operating conditions [1]. Initially, ceramic
and glass were the predominant materials used for electrical
insulators, selected for their superior dielectric strength and
resilience under adverse environmental conditions. However,
with advancements achieved in recent decades in the field
of new materials, the adoption of nonceramic composite
insulators, especially those made of silicone rubber, has
been broadened, offering improved performance and durability
(2], [3].

One of the main stress factors that insulators are exposed
to is environmental pollution, particularly in outdoor settings,
which, in the presence of moisture, can lead to field concentra-
tion points, PD, and, in severe cases, FO events [4]. FO events
on insulators have been extensively studied for over half a
century, beginning with a model introduced by Obenaus [5].
This model provided a mathematical representation of the
voltage applied to the insulator and the level of contami-
nation to determine the thresholds at which an FO might
occur [5], [6]. Over the years, this fundamental model has
evolved to integrate advancements in the area of new materials,
along with decades of accumulated experience, significantly
influencing the design of many insulators currently being
installed in the electrical network. Consequently, the main
focus of numerous recent studies has increasingly shifted
toward leveraging advanced diagnostic techniques, including
real-time data analytics and machine learning, to assess the
status of insulators under diverse environmental or operational
conditions [7], [8], [9], [10].

As specified in IEC 60507, one of the artificial pollution
test methods used on these devices is the fog method, in which
the insulator is subjected to a defined environmental pollution.
Another employed technique is the solid layer method, which
involves depositing a uniform layer of defined solid pollution
on the insulator’s surface [11]. These two procedures have
been widely used for studying and evaluating the insulator’s
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performance in polluted environments. However, the literature
also describes other contamination methods, thus broadening
the scope of potential experimental conditions [12]. Based
on the aforementioned, to quantify the pollution accumulated
on the insulator, many studies have utilized the measurement
of PD or the leakage current derived from the insulator’s
surface [13], [14], [15]. Other research has focused on less
conventional methods, such as measuring the electromagnetic
(EM) or acoustic emissions associated with the PD activity
generated by the pollution and applied voltage [16], [17], [18].

Given the stochastic and nonlinear nature of these and
other macroscopic effects generated throughout the insulator
contamination process, the use of a diverse array of artificial
intelligence (Al) algorithms is considered a suitable approach
for managing the data obtained from any of the measurement
techniques being used. This includes neural networks, support
vector machines, decision trees, ensemble methods such as
random forests and gradient boosting, as well as clustering
algorithms used in unsupervised learning contexts [19]. The
scientific literature details various studies that have employed
these diverse Al methods to explore, in both general and
specific terms, the levels of contamination or the probability of
FO, reflecting ongoing efforts to establish their effectiveness
in this domain [7], [8], [20], [21], [22]. However, much
of this work relies primarily on the capability of the Al
model rather than on generalizable, task-relevant parameters
explicitly linked to the progression of contamination.

A common feature of Al algorithms, including both machine
learning and deep learning, is the necessity of a prior training
process [19]. While the choice of model architecture and tech-
niques to ensure generalization are crucial, the performance
of an Al model also depends on the quality, quantity, and
relevance of the data used during training. This underscores
the need to investigate methods that rely on generalizable
indicators (requiring minimal site-specific tuning) and that,
ideally, do not require additional training data or galvanic
interaction with the asset under test.

Based on the foregoing, this article introduces an inno-
vative methodology that utilizes three different indicators to
preemptively flag potential FO events on insulators, as a
response to the evolution of contamination on their surfaces.
The novelty lies in combining three cumulative UHF-derived
indicators with segmented-regression breakpoints (1) to detect
trend changes and map them to operator-tunable alert states,
enabling training-free, noncontact early warning with lower
computational cost than Al-intensive approaches. Real-time
data captured by an antenna monitoring UHF PD activity serve
as the foundation for deriving these indicators, which exhibit
a consistent behavior pattern across diverse measurement pro-
cesses. As detailed in Section II, these indicators are derived
from PD activity: the cumulative energy per intervals, the
cumulative average time between signals, and the relationship
between the cumulative energy per interval and the average
time between signals nonaccumulated. Section III presents the
results obtained with different classes of ceramic insulators
subjected to various contamination processes, aiming to val-
idate the performance of these indicators and their potential
application in early fault warning systems. Finally, to emulate

the operation of an early alert system, four alert states based
on the three obtained indicators were established: Normal,
Attention, Warning, and Alarm. Each state was used to classify
the FO risk due to contamination under different scenarios.
Throughout all measurement processes, it was observed that
each FO event occurred within one of the established alert
states, thus demonstrating the significant potential of these
indicators to improve the ability to anticipate and respond to
FO events.

II. TEST METHOD
A. Experimental Setup

In each of the conducted experiments, the test conditions
described in [7] were replicated. Specifically, at the beginning,
four layers of contamination were deposited on the surface of
the insulator. Each layer contained a mixture of 167 g of NaCl
per liter of tap water. Before applying the subsequent layer,
it was ensured that the preceding one was completely dry.
Once this preconditioning phase was completed, the insulator
was subjected to its nominal voltage according to its class and
was periodically sprayed every 4 minutes with the same saline
solution using a manual sprayer. Simultaneously, a 100 W
halogen lamp remained lit above the test chamber to simulate
the effect of drying on a sunny day, as depicted in Fig. 1.
For each insulator, the test ended 1 or 2 minutes after the
FO event, once a critical layer of contamination covered the
surface of the insulator. This either caused the arc to self-
extinguish or led the current to reach dangerous levels for the
high-voltage transformer. At this point, the emergency stop
button was pressed.

The EM emissions are recorded using a commercial direc-
tional open slot antenna, Deepace KC R102, with dimensions
of 12 cm in height, 16.9 cm in length, and 1 mm in
thickness, as shown in Fig. 2(a). According to the measured
S 11 parameter for this antenna [Fig. 2(b)], it is capable of
capturing signals across the entire ultrahigh frequency (UHF)
spectrum, but exhibits higher efficiency within the frequency
range of 1500 to 2500 MHz. During each test, the antenna
was positioned 50 cm from the object under test (OUT) and
connected to the acquisition system (a Keysight Infiniium
DSOS804A oscilloscope). The oscilloscope is configured to
measure each PD pulse within a time window of 1 us, with a
sampling frequency of 5 GS/s, resulting in 5000 samples per
signal. For each test, the same vertical scale is established, and
the trigger level is set above the background EM noise present
in the laboratory. In parallel, during each test, simultaneous
PD monitoring was carried out with a commercial PD acqui-
sition unit (TECHimp PDCheck) and a high-frequency current
transformer (HFCT) to corroborate in real-time the presence
of PDs on the insulator.

To supply high voltage in each of the measurement pro-
cesses, an indirect circuit in accordance with IEC 60270
standard was used [23]. This circuit includes a high-voltage
transformer of 400 V/150 kV connected to the industrial
power grid of 220 V and 50 Hz, as illustrated in Fig. 1.
Additionally, the insulator was connected in parallel to a
low-impedance capacitive branch for high-frequency pulses
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Fig. 2. (a) Antenna dimensions and (b) S; response.

(PD pulses), consisting of a 1 nF capacitor and a measur-
ing impedance. This configuration allows a commercial PD
detection system to continuously measure PD activity, thereby
enabling monitoring throughout the measurement process for
the presence or absence of PD sources.

B. Data Acquisition and Preprocessing

To record each of the signals, a Python script was developed
that interacts with the segmented memory function of the oscil-
loscope. This setup allows for the storage of timestamps and
amplitudes of the PD signals captured. Given the stochastic
nature of the PD phenomena, the duration of a test may vary,
ranging from less than an hour to a few hours. Therefore, for
comparison purposes, the duration of each test is presented as a
percentage of its total elapsed time to uniformly contrast every

test trend across a common time domain, where the 100%
mark corresponds to the end of the test. This representation
does not imply that an analysis needs to specify the exact
moment when the FO occurs or when the test concludes (as
it does not make much sense in a real application).

For clarity, the 0%—100% normalization is used solely for
cross-test visualization. In online operation, the time index
corresponds to the available historical window at each update,
and trend-change breakpoints are estimated on that window
without any prior knowledge of the FO instant. As detailed
in Section II-C, the final 5% represents the most recent data
stream, whereas the preceding 95% is the historical record
used for change detection. To illustrate this in a practical
measurement context, we refer to one of the 13 measurement
processes detailed in Table I (measurement process 4 marked
with an asterisk). Fig. 3 depicts the number of signals captured
over time, in minutes and as a percentage, including the
moment when the FO occurs, represented by a translucent
red area, and the 100% mark, depicted as a dot-dashed red
line. The dots in this figure represent a measured signal, and
the space between them, labeled as D;, corresponds to the
duration, in seconds, during which no signal was detected by
the oscilloscope.

From numerous experimental measurements conducted in
laboratory conditions with three types of insulators, which
were contaminated over time, it was observed that, regardless
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TABLE 1

DETAILS OF TESTS FOR EACH INSULATOR CLASS (* TEST
USED AS EXAMPLE)

Ins. Test N¢ of FO Duration N*€ of
Class signals | (min) (min) intervals
1 2626 150.5 155.1 32
2 1015 180.9 186.1 38
3 1646 111.0 112.6 23
4* 690 124.9 127.9 26
34.5 kV 5 605 120.0 121.8 25
6 360 118.0 119.4 24
7 825 52.5 55.1 12
8 2089 110.0 115.1 24
9 1189 42.1 47.1 10
25 KV 1 4265 164.1 168.1 34
2 23680 286.0 288.4 58
15 kv 1 964 80.1 84.1 17
2 4639 177.0 180.9 37

of the type of insulator, the behavior of some analyzed
variables showed a similar trend as the contamination evolved.
Based on these observations, it was possible to establish three
parameters (prior to the FO), from which different alert states
can be defined based on the behavior of the PD measured with
the UHF antenna.

To evaluate the performance of the three proposed parame-
ters in the established alert states, 13 measurement processes
were analyzed, nine with 34.5 kV class insulators, two with
25 kV class insulators, and two with 15 kV class insulators.
Table I summarizes for the 13 measurement processes the
number of signals measured, the time of occurrence of FO,
the duration of each test, and the number of intervals of each
test. The latter refers to the number of divisions of the test
into 5-minute groups (intervals) to monitor the trends of the
variables over time while saving memory resources.

As the time vector and the 5-minute arrays are established
with the increase in PD activity, the variables from which
the characteristic parameters of interest are extracted are also
established. These variables are described below.

1) Cumulative Energy Per Interval: During the different
measurement processes conducted on each of the insulators,
significant variations were observed in the energy of the cap-
tured UHF signals. These variations were most pronounced at
the beginning and end of the measurements (prior to the FO).
To quantify and analyze this behavior, the accumulated energy
per interval (CEI;) was calculated for the entire measurement
process. This energy is derived from each of the PD pulses,
which are grouped into S5-minute intervals. This approach
provides a general perspective on the energy dynamics of the
PD UHF activity and it helps to determine whether it remains
stable or increases over time compared to previous states.

First, the energy of each signal is calculated by the following
equation:

(1)

N 2
E;= Z | xi]
i=1

where Ejcqi,. j refers to the energy of the jth signal, being
J the total of signals measured, x;e¢1,.. ) 1S €ach point of the
signal, and N corresponds to the length of the signal, in this
case 5000. With the energy of all signals known, the total 5-
minute array energy is obtained with the sum of all the E;, as
defined in the following equation:

2

The subindex k € {1,2,3,..., K} indicates the kth 5-minute
interval, being K the total amount of 5-minute intervals for that
test. Finally, CEl} in Fig. 4(a) is represented for each interval



as the accumulate value of Ej, as shown in the following
equation:

k
CEL = ) E,. (3)

m=1
In this way, every dot correlates to the accumulated energy
value at the kth interval, which in this case (test 4*) reaches
the 26th interval, as specified in Table I. The accumulated
value shows how the trend develops over the elapsed time
and counteracts particular instances where some signals within

some intervals may proceed from external noise.

2) Cumulative Average Time Between Signals: As previ-
ously mentioned, during the UHF PD measurements, there
were moments when the oscilloscope did not record any
signal, defined as D;. For each of the measurement processes,
an increase in the occurrence of PD signals was observed
once the contamination process with the sprayers was carried
out (which reduces the dead time between discharges). The
same behavior was evidenced as the contamination process
progressed, as observed in Fig. 3, where the points become
closer as the test advances.

Following the same subindex notation established for the
previous variable, this time interval is measured between the
signal x; and x;. The average time between signals of every
D; contained in the 5-minute kth interval (ATBS;), calculated
with (4), summarizes the amount of time that the acquisition
system was waiting for the next signal

J
1
ATBS; = — - > p;]. (4)
j=1

Although the repetition rate pattern is clear in Fig. 3, there
had been some test runs where no EM pulses were perceived
by the antenna near the end of the test, creating peaks of
ATBS. This is tackled using the cumulative average time
between signals, defined in (5), represented over the elapsed
time (CATBS;), as shown in Fig. 4(b).

k
CATBS; = ZATBsm. (5)

m=1

Through this, variable is quantified the trend of the repetition
rate of the PD EM activity measured by the antenna.

3) Cumulative Distributed Energy: This variable, CDE, is
defined as the accumulated value of the distributed energy for
each kth interval (DEy), as shown in (6). DE; is derived from
the ratio between CEI, and ATBS;, which is a noncumulative
value. Therefore, for this variable, we do not use cumulative
values (CATBS) but rather the average value specifically
obtained for each kth interval
_ CElL
~ ATBS;’

The primary purpose of DE is to highlight the most notable
trend changes in CEI and CATBS when combined. Thus, DE
helps to identify more marked trend changes, compensating
for any lack of trend observed in the CEI and ATBS values.
This aspect is particularly useful for monitoring low-amplitude

DE;

(6)
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Fig. 4. (a) Cumulative energy per interval. (b) Cumulative average time
between signals. (c) Cumulative distributed energy (max value of 189.9 at
100%) of the example test 4*.

EM signals that barely exceed the trigger level. The trend of
CDE is illustrated in Fig. 4(c), which shows the accumulated
value of DE; over time for the measurement process 4 taken
as an example so far.

C. Trend Change Indicators Recognition

To automatically identify and quantify trend changes in the
previously described variables, and thereby establish the three
indicators of interest, a segmented regression algorithm was
applied to each variable. This innovative algorithm proposed
by Muggeo [24], allows for the identification of changes or
breakpoints in regression models that use a linear predictor
[25]. Through the estimation of breakpoints, the algorithm fits
linear regression models to data segments defined by these
breakpoints. Muggeo [24] segmented regression was selected
because the three derived series (CEI;, CATBS;, and CDEy)
are nonstationary and exhibit monotonic trends that are well
approximated by continuous piecewise linear segments. Under
these conditions, estimating explicit breakpoints and segment
slopes yields interpretable ¥ (expressed as % elapsed time)
at low computational cost. The fit is applied to the first 95%
of the elapsed time, excluding the final 5% associated with
FO. In the experimental data, piecewise linear segmented fits
achieved R?> > 0.95 in most cases (as shown Section III-A).

The general definition is presented in (7), where x and
y are the input vectors, @ and ¢ represent the slope and
intercept of the first segment, respectively, S represents the
change in slope from the first to the second segment, H is the
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Fig. 5. Trend breakpoints of the example test 4* where (a) cumulative energy
per interval, (b) cumulative average time between signals, and (c) cumulative
distributed energy, with a max value of 189.9 at 100%.

Heaviside function that activates this change in the model at
the breakpoint, { is a noise term, and  is the position of the
breakpoint along the x vector

y=ax+c+Bx-y) Hx-y)+{. )

The algorithm is capable of finding multiple segments
through Taylor expansions. For example, segmented regression
to identify a single breakpoint is carried out by means of a
Taylor expansion in the vicinity of an estimated breakpoint,
w9, which transforms (7) into the following equation:

y~ ax+c+pB(x-y?) H(x-y?)
_B(w_w(O)) H(x—¢(0))+§. (8)

Considering the linear regressions fit to both segments, as
well as the difference in their slopes and the noise term, the
estimated breakpoint, 9 is determined through an iterative
process. Once the algorithm converges to a solution, a value of
|B8] > 0 indicates the existence of two distinct linear regressions
on each side of the identified breakpoint. Additionally, a value
of ¢ =~ 0 suggests that both segments meet at the same point,
(xg,yy) at ¢©. This way, trend changes () in CEI, CATBS,
and CDE directly translate into the indicators that effectively
signal the early occurrence of a FO event: ¥cgr, Ycarss, and
YCDE.

Finally, Fig. 5 shows the regression lines (gray dotted and
dashed line) on both sides of the breakpoint (thick vertical line)
found for measurement process 4, which has been used as an

example so far. According to the figure, for the three variables
CEI, CATBS, and CDE, the algorithm identifies a trend change
near the middle of the measurement process (54.2% for ycgr,
37.9% for Ycares, and 62.4% for Ycpg). It should be noted
that during the FO, there is a sudden increase in the radiated
and measured EM signals (as shown in Fig. 3); therefore, the
algorithm is applied only to 95% of the elapsed time of each
test, as the last 5% corresponds to the moment of FO. In
practical terms, for an online monitoring system, the 5% would
correspond to the most recently obtained data and the 95%
to the historical record that has been collected through the
variables.

Under wet-pollution conditions, a saline film builds up on
the insulator surface and the surface conductivity increases
with salinity and moisture. The resulting rise in leakage current
and local field enhancement creates additional inception sites
for PD along the contaminated path. As the process evolves,
nonuniform heating promotes the formation of dry bands;
larger voltage drops across these regions enable intermittent
arc bridging. Within this framework, the detected breakpoints
map to successive transitions: ¥carps reflects the early increase
in repetition rate (ATBS; decreases), ¥cg marks the growth
in per-event energy consistent with dry-band arcing, and ¥cpg
emphasizes the combined rise of energy and repetition, typi-
cally appearing last and closer (among the three) to flashover
(FO), without getting too close to the FO region, when arcing
becomes quasi-continuous over the polluted surface. This
reading is consistent with the UHF trends observed in the
experiments (Section III).

D. Alert States Definition and Application Scenarios

It is worth emphasizing that the segmented regression model
only requires two vectors and a specified number of esti-
mated breakpoints as input data. Therefore, knowing the exact
moment of the FO or the total elapsed time is not necessary
to utilize the algorithm for trend change identification. This is
particularly relevant in online measurement processes, where
the FO moment is often unpredictable. Using the trend change
information provided by segmented regression (Ycgr, ¥ carBs,
and Ycpg), we can establish rules with varying alert levels
and activation criteria. These rules are applicable to insulators,
considering the potential risk of FO. This depends on sev-
eral factors, including equipment criticality, maintenance team
response time (usually related to site accessibility), historical
failure data, environmental conditions, equipment lifespan, and
regulatory compliance standards.

From these factors, a robust, adaptive alert logic can be
developed, aligned with the specific needs and risks associated
with the monitored insulator’s operation. Table II presents
some possible real-world scenarios, considering the aforemen-
tioned considerations.

Scenario 1 could be applied, for instance, to insulators
situated in remote or hard-to-reach areas, where any main-
tenance activity demands extensive logistical planning and
extra resources. Consequently, it is recommended to establish
an alert system based on these activation rules, wherein
the initial alert is triggered upon detecting the first .



DIFFERENT SCENARIOS ARRANGEMENTS TO DEFINE THE ALERT STATES
ACCORDING TO THE NUMBER OF TOTAL BREAKPOINTS (i) FOUND

TABLE I

NQ
Scen. 1 Scen. 2 Scen. 3 Scen. 4
of ¢
0 Normal e Normal e | Normal e Normal e
1 Warning Normal e Alarm e | Attention
2 Warning Warning Alarm e Warning
3 Alarm e Alarm e Alarm e Alarm e

Meanwhile, maintaining a Warning status with two ¢ enables
the maintenance team to monitor the situation and arrange an
intervention before it escalates to a critical state. This precau-
tionary measure helps avert an Alarm condition necessitating
immediate and potentially urgent actions, which could incur
greater disruption and cost.

Scenario 2 could be applied to easily accessible areas
where a delayed maintenance alert may suffice, given that
interventions can be swiftly carried out without extensive
preparations. In such scenarios, quick response protocols can
be established, ensuring that maintenance teams are equipped
and prepared to act immediately upon receiving the alert, thus
ensuring efficient management and minimizing downtime.

Scenario 3 may be associated with scenarios where the insu-
lator operates in a highly critical system, such as those found
in hospitals, data centers, or key infrastructures. Therefore, it
is highly desirable to act promptly upon the first alert signal to
perform rapid cleanings or repairs without disrupting service,
thereby ensuring operational continuity.

At last, Scenario 4 can be applied to a large fleet of insula-
tors characterized by diverse access levels for maintenance and
criticality. This allows for the customization of multiple alert
states to inform operational decisions. Depending on the iden-
tified state, operators can select from various response options,
including scheduling detailed offline maintenance or imple-
menting a rapid cleaning procedure. This modular approach
facilitates operational flexibility and resource optimization by
tailoring maintenance actions to the specific conditions of each
insulator and its criticality within the electrical grid.

It is important to emphasize that the four scenarios described
and the corresponding alert states proposed (Normal, Atten-
tion, Warning, and Alarm) are purely illustrative and should
not be viewed as definitive or prescriptive models. These
examples are intended to demonstrate how alert logics based
on identified breakpoints could be configured. Therefore, the
primary contribution of these scenarios is to showcase the
potential of i as valuable indicators for monitoring and
managing the need of maintenance of insulators in varying
contexts. In practical terms, utilities have the flexibility to
adapt or completely reformulate these cases and alert states
to better suit their specific operational needs, local conditions,
and internal policies. Thus, readers are encouraged to view
¢ as an adaptable and scalable tool that can be seamlessly
integrated into various risk management and maintenance
frameworks. This facilitates more informed and contextualized
decision-making processes related to fault prevention and
operational response optimization.
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Fig. 6. Parameter summary for all 13 tests where (a) cumulative energy
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distributed energy.

III. RESULTS

For the experimental results presented below, Scenario 1 has
been selected as the operating scenario for analyzing the 13
measurement processes conducted on three different types of
insulators. In this scenario, the Normal alert state is the default
state, where no ¢ has yet been detected. At the first i, the alert
state changes to Warning, at which time it is recommended
to take measures to carry out the necessary maintenance
maneuvers on the insulator. This state is maintained even when
a second ¥ occurs, understanding that maintenance procedures
have already been initiated. Finally, when a third y is found,
an Alarm state is issued, indicating an imminent FO event.

For comparative purposes only, the behavior of the three
variables: CEI, CATBS, and CDE, was normalized based
on the maximum magnitude obtained in each case. Fig. 6
summarizes the behavior of these variables for the three
classes of insulators: 34.5, 25, and 15 kV (marked with a
circle, a cross, and a diamond, respectively). Observing the
three graphs in Fig. 6, it is clear that the variables exhibit
a characteristic trend, regardless of the insulator class. For
CEI and CDE, there appears to be an exponential trend, while
for CATBS, a logarithmic behavior is observed. Furthermore,
Fig. 6(a) show a generally uniform and smooth trend over
time, while CDE in Fig. 6(b) displays a scattered behavior
after the first half of the tests. These trend patterns indicate
that UHF PD activity gradually increased in magnitude and
repetition rate over time, reaching a critical point of change,
implying that PD activity intensifies in the stages leading up
to the FO event.



TABLE III
PERCENTAGE OF THE WHOLE ELAPSED TEST TIME IN WHICH THE DIFFERENT VARIABLES SHOWED A BREAKPOINT ¢ (* TEST USED AS EXAMPLE)

Insulator Class | Test N2 Breakpoints (%) M?X breakpoint
YCEI YCATBS YCDE difference (%)
1 51.1 55.0 59.5 8.5
2 (24.7 ~ 68.2) 46.5 | (12.4 ~ 65.9) 39.1 71.5 32.3
3 43.7 39.1 56.3 17.2
4* 54.2 37.9 62.4 24.5
34.5 kV 5 (46.4 ~ 78.1) 62.3 | (18.5~51.7) 35.1 80.4 45.3
6 (26.7 ~ 80.8) 53.8 25.3 | (49.6 ~ 88.7) 69.2 43.9
7 67.3 39.3 81.3 41.9
8 15.6 16.0 58.6 43.0
9 61.4 26.0 75.4 49.4
o5 KV 1 71.0 70.8 | (40.9 ~ 76.8) 58.8 12.2
2 60.2 | (15.3 ~46.5) 30.9 71.3 40.4
15 v 1 42.8 33.4 53.3 19.8
2 43.6 29.6 | (45.7 ~ 76.3) 61.0 31.4
] Average + o \ 51.8+14.3 | 36.7+13.8 | 66.1+9.3 | 31.5+13.8
A. Trend Changes 10
When analyzing in Table III, the percentage of elapsed time 2 s]
during which a trend change occurred in the variables for g /
the three types of insulators, it is observed that the Ycarss g &1 /’ |
indicator tends to appear in most of the measurement processes S 4]
during the early stages of contamination, approximately at - //
37% of the average elapsed time since the start of the 2 2] % |
contamination process. On the other hand, cg; tends to occur 0 |
around 52% of the elapsed time, and ycpg manifests closer to 0 2 éfapse § time (02(; & 100
the end of the test, around 66% of the elapsed time, without
getting too close to the area where the FO event occurs. This " (2)
latter point is clearly seen in Fig. 6(c), where for most of the Yeates
measurement processes, minutes before the FO occurs, there £ 8 el
is an increase in the energy of the signals and a decrease in % Weoe
the dead time between them, causing a sharp increase in the 5 *]
CDE values during the last 30% of the elapsed time. g 41
The recommended criterion to determine if a parameter E
trend had one or more breakpoints (¥) was the R-squared 22 7 j
value of the segmented regression, selecting the one closest 0 —2

to 1. Generally, all the R-squared values from the obtained
segmented regressions were above 0.95, with only one break-
point in most cases. Nevertheless, in measurement processes
2. 5, and 6 conducted for the 34.5 kV class insulator, as well
as in the two measurement processes for the 25 kV class
insulator and the second measurement process for the 15 kV
class insulator detailed in Table III, it was possible to find more
than one breakpoint for the same variable. In these particular
cases, both breakpoints were presented between parenthesis
followed by the average value between them, established as
the representative breakpoint of the whole trend.

The “Max Breakpoint Difference (%)” column in Table III
reports, for each test, the interval between the earliest and
the latest breakpoint among ¥carss, ¥cer, and Yepg. In all
tests, this intra-run separation did not exceed 50% points.
The consistent early-mid-late ordering and this meaningful
separation support using the three indicators to define staged
alert states related to the evolution of contamination and PD
activity on the insulator surface.

0 40 60 80
Elapsed time (%)

(b)

100

Fig. 7. Breakpoints histograms over time for all 13 tests. (a) All breakpoints
together and (b) separated by indicators.

In Fig. 7, the data presented in Table III are graphically
represented in histograms, where each bar covers 10% of the
elapsed time. First, Fig. 7(a) displays all the breakpoints, with-
out distinction, to illustrate the global trend pattern observed
in all 13 tests. It is clear that all breakpoints were found after
15% of the elapsed time and before 85%, indicating that the
three indicators anticipate the occurrence of each FO event.
Generally, as evidenced in this figure, these trend changes or
breakpoints were most commonly observed around 60% of the
test duration. Second, by classifying each breakpoint according
to its parameter, the histogram in Fig. 7(b) highlights the trend
change pattern of each indicator and relates its distribution to



TABLE IV

ALERT STATES ACCORDING TO THE RISK OF FO (* TEST
USED AS EXAMPLE)

Insulator Class | Test N©¢ Change of State (%)
‘Warning Alarm

1 51.1 59.5

2 39.1 71.5

3 39.1 56.3

4* 37.9 62.4

34.5 kV 5 35.1 80.4

6 25.3 69.2

7 39.3 81.3

8 15.6 58.6

9 26.0 75.4

Average 34.5 kV + o 34.3+104 | 68.3+£9.5

95 KV 1 58.8 71.0

2 30.9 71.3

Average 25 kV £+ o 44.9+£19.7 | 71.2£0.2

15 KV 1 33.4 53.3

2 29.6 61.0

Average 15 kV + o 31.5+27 | 57.2+54

’ Overall average + o ‘ 355+ 11.1 | 67.0+09.1

its average value previously presented in Table III. As shown in
Fig. 7(b), the first indicator, ¥carps, has the highest repetition
rate and shows a first trend change (breakpoint) around 37%
of the elapsed time. It is followed by cg;, which is the second
indicator to show a trend change in PD activity on the insulator
surface, being more likely near the midpoint of the elapsed
time. At last, Ycpg is the final parameter to demonstrate a
trend change, around 66% of the elapsed time, consistent with
what is shown in Table III.

B. Alert States

The alert states for each test are detailed in Table IV, where
the Warning and Alarm columns show the state of time at
which each indicator was activated in each experiment, as
contamination increased on the insulator and Scenario 1 was
used as the operating state. Observing the histogram distri-
bution in Fig. 7(b), a clear behavioral pattern was identified,
where the first breakpoint generally corresponded to ¥ cargs,
and the last to Ycpg. Based on this behavior, the Warning
state was established 77% of the time by ¥cargs (in ten out
of the 13 experiments), followed by y¥cpr with 15%. As for
the critical Alarm state, 92% of the time, it was set by ¥cpg
and 8% by ycgr. This indicates that most often, the Warning
state is activated by an increase in the occurrence rate of PD,
and the Alarm state is generally triggered by an increase in
the PD energy. The average state change values in Table IV
show that the parameters have similar behavior regardless of
the insulator class, demonstrating that UHF PD activity on a
contaminated insulator has a characteristic tendency that can
be effectively quantified by these indicators.

On average, the Warning state occurs at 35.5% of the
elapsed time, while the Alarm state at 67%. Both values

have a standard deviation below 15%, which for the longest
test (288 min) implies a time variation of 43 min, and for
the shortest (47 min) 7 min. Particularly, the largest gap
obtained between the Warning and Alarm states is 49.4% of
the elapsed time, while the shortest is 12.2%. In any case,
for quantifying stochastic behavior, this system offers a well-
defined prediction regardless of the test duration. In all tests,
all breakpoints were found before 80% of the elapsed test time,
meaning that in all of them, the FO occurred in an Alarm state.

As mentioned in Section II-A, the experiments were con-
ducted in such a way that the contamination process, which
normally could take months, was accelerated to last just a
couple of hours. Since the maximum breakpoint difference
calculated in Table III is equal to the time difference (per-
centage of elapsed time) between the warning and alert states,
the average time between changes from Warning to Alarm
states is 31.5%. In a real application, this percentage of time
provides the operator with an adequate time window to take
the necessary maintenance measures to prevent a potential FO
event on the insulator.

C. Scope, Flexibility, and Implementation Challenges

As evidenced in Section III-B, the proposed approach is
not based on exhaustive waveform fitting but on tracking its
temporal evolution through three indicators (CEl;, CATBS;,
and CDE;) and on detecting regime changes with segmented
regression (). These ¢ are assigned to alert states by means
of configurable rules that can be adjusted according to asset
criticality, accessibility, and response times, failure history, and
environmental or operational conditions, enabling maintenance
strategies tailored to each installation. Likewise, the four alert
states and the four proposed scenarios can be reduced or
expanded according to maintenance program needs without
modifying the measurement hardware.

In comparison with certain leakage-current-based methods
(analytical or Al-driven) [20], [26], [27], [28], [29], and
with approaches based on conventional PD measurement or
optical/ultrasonic techniques that require local couplings or
multiple sensors [22], [30], [31], the proposed system is non-
invasive, has low computational burden, and does not require
training phases, practical attributes for online operation.

That said, bringing the system into real operating condi-
tions raises challenges that go beyond those anticipated at
the laboratory level. It is necessary to consider design fac-
tors (insulator material and geometry), environmental aspects,
instrumentation, and asset operation. Ceramic or glass insu-
lators (more hydrophilic) favor the formation of conductive
films under high humidity, with more distributed PD activity.
In turn, polymeric insulators (more hydrophobic) tend to
limit conductive points, although under severe conditions or
prolonged exposure hydrophobicity may degrade and more
localized and intense discharges may appear. The diversity
of contaminants such as dust, soot, or salt in industrial
or coastal environments alters surface resistivity and signal
propagation, modifying the patterns captured. In addition, the
type, orientation, and location of the antenna, together with
electrical/electromagnetic noise in the environment (frequently
high and variable), require prior and periodic characterization,



as well as reference profiles that allow setting thresholds and
persistence times specific to each site [31].

IV. CONCLUSION

This work presented a noninvasive early-warning method-
ology for FO in contaminated insulators, based on three
indicators obtained from UHF PD measurements (CEI,
CATBS;, and CDEy) and on detecting trend changes via seg-
mented regression. The novelty lies in integrating cumulative
indicators and, from their breakpoints (i), mapping adjustable
alert states without requiring prior training or galvanic contact,
with low computational requirements and applicable to online
measurements over a historical window.

In 13 tests and three classes of insulators, the breakpoints
showed a consistent temporal order over the course of the
test (wCATBS ~ 37%, ‘/’CEI ~ 52%, and wCDE ~ 66%)
With the adopted operating logic, the system issued a Warning
at average at 35.5% and Alarm at 67% of the test duration,
while FO events clustered near 80%. In all tests, FO occurred
when the system was already in the Alarm state. These
figures delineate a useful intervention window, since there is a
consistent interval between Warning and Alarm, followed by
an additional margin between Alarm and FO, which offers a
realistic opportunity for preventive actions.

Taken together, the indicator-breakpoint-state combination
constitutes an interpretable and practically deployable tool
to support the operation and maintenance of insulators, with
thresholds and scenarios that can be adjusted to asset critical-
ity, accessibility, response times, and environmental conditions
without hardware changes. Future work should validate the
methodology in other materials (ceramic, glass, and polymeric
insulators) and under field conditions with varying contamina-
tion levels and operating environments. In addition, thresholds
and persistence times should be adjusted on a per-site basis,
considering the profile of electrical and electromagnetic noise
and the available instrumentation (type and location of the
antenna).
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