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ABSTRACT Flashover due to contamination of glass insulators is common in electrical systems.
An alternative to prevent such failures is the use of silicone-coated glass insulators. Silicone is hydrophobic,
which prevents humidity from being deposited on the surface; therefore, the adhesion of environmental
contaminants on the insulator is reduced. This prevents breakdowns and enables less frequent maintenance.
However, in certain areas, silicone can lose its hydrophobic property, which causes contaminants to
accumulate on the insulator surface. Consequently, evaluating the condition of silicone-coated insulators
is essential to ascertaining their need for replacement. This requires a method that distinguishes between
contamination and aging of the insulators. This paper presents the design of a machine learning classifier
using a support vector machine (SVM)model that uses leakage current parameters to classify the condition of
the silicone. As a distinguishing feature, the SVM classifier employs the root mean square (RMS) impedance
magnitude and harmonic impedances as input parameters. This achieves an accuracy of 99% compared to
65%with data that lacked impedance measurements. The tests were conducted with insulators removed from
a 500 kV line and evaluated within an artificial fog chamber.

INDEX TERMS Insulators, silicone rubber, machine learning, leakage current, aged, pollution level
estimation.

I. INTRODUCTION
Single-phase ground-fault insulator strings are common in
substations [1]. These faults also occur in overhead lines [2]
and transmission lines [3]. These failures are largely caused
by contaminants adhering to the insulator surface. The
contamination is contingent upon the geographic location and
the surrounding environment of the insulator string. Ground
faults known as flashovers [4] occur due to the interaction of
contaminants [5] with ambient humidity [6]. This increases
the leakage current amplitude of the insulator [4]. These
costs are associated with the need for specialists [7]
and the large volumes of water required [8]. To prevent
flashovers, electrical companies perform maintenance at
irregular intervals (e.g., 1, 3, 6, and 12 months). Insulator
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maintenance is conducted by washing with pressurized
demineralized water [9]. Although this solution mitigates
the occurrence of faults, it incurs high costs for companies.
One alternative to increase the interval between washing is
to use composite silicone rubber insulators (SiRs). Another
alternative is silicone-coated glass insulators. Silicone has a
high humidity repellency due to its hydrophobic character-
istics. This property reduces the adhesion of contaminants
to the insulator surface. Hydrophobicity also helps prevent
the formation of a contaminated water layer, thus avoiding
flashovers. However, silicone rubber materials have been
reported to lose their hydrophobic properties over time [10],
[11]. This can be caused by solar UV radiation [12], [13],
[14] and the corona effect [15]. The above conditions
degrade the silicone, allowing environmental contaminants
to adhere to the surface, similar to what occurs in glass
insulators. Therefore, companies must periodically inspect
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their silicone-coated insulators to assess their condition.
Inspection helps determine whether they are aging with
loss of hydrophobicity or are contaminated. Some studies
have attempted to enhance the hydrophobic properties of
SiR insulators [16], [17]. These studies evaluated different
compounds to improve the hydrophobicity of the materi-
als and counteract exposure time effects. However, these
nanocomposite-based solutions are expensive for large-scale
production and have not yet been widely implemented [18].
The literature reports advances in determining the conditions
of both glass and silicone-coated insulators, focusing mainly
on leakage current analysis. In [19], the authors endeavored
to recreate the shape and amplitude of leakage current
in fully and partially silicone-coated insulators. They used
the random forest algorithm with the Cumulative Pollution
Index (CPI) for prediction. The algorithm achieves a high
average coefficient of determination (R2) of 86% for
contamination. However, the paper does not address material
aging. The paper [20] employs a supervised support vector
machine (SVM) learning algorithm to classify erosion and
contamination in silicone-coated glass insulators. The authors
reported a 100% accuracy. However, erosion is simulated
in a laboratory environment by mechanically scratching the
silicone. This type of degradation has not been reported
in other studies and may not accurately represent natural
aging over time. In [21], the authors applied the Stockwell
transform and various other classifiers. The success of
the random forest algorithm, with an accuracy of 97.14%,
was highlighted. However, these approaches fail to address
the impact of aging on polymeric materials. In [22] the
researchers used neural networks to predict leakage currents
in highly aged polymeric insulators. That paper described
promising results but focused on differentiating the effects
of contamination and aging separately in these insulators.
Various studies have demonstrated that the leakage current
can accurately identify contamination levels in silicone-
coated insulators. Additionally, other studies have identified
aging levels in these insulators. However, no single tool
has been developed to discriminate between aging and
contamination. As mentioned, this differentiation is crucial
for electric companies as procedures vary depending on
whether the insulators are contaminated or aged. In [23]
reported on the relationship between the impedance of
a glass insulator and environmental conditions, such as
contamination deposited on the surface of the insulator and
the humidity to which they are exposed. The authors found
that the impedance of the glass insulator decreased with
increasing humidity and contamination.

This study proposes to use RMS impedance and harmonic
impedances as diagnostic parameters to distinguish between
aging and contamination in silicon-coated insulators. The
impedance provides information about the physical state of
the insulator. This allows for more accurate classification
using the SVM algorithm. The incorporation of impedance
parameters significantly improves the classification accuracy
compared to methods that do not use them. To validate this

FIGURE 1. Sample insulators. (a) Clean and new insulator. (b) Clean
insulator with three years of service. (c) Dirty insulator with three years of
service.

FIGURE 2. Hydrophobicity classes. (a) HC1. (b) HC1. (c) HC2.

approach, tests were performed in an artificial fog chamber
following IEC 60507 standards. New and field-aged (three
years) silicone-coated insulators from a 500 kV transmission
line were analyzed in the study. The results support the
development of a diagnostic tool for laboratory evaluations.
This tool allows companies to more effectively evaluate
insulators removed from the field. As a result, maintenance
strategies can be optimized to ensure better performance and
reliability.

II. SAMPLES EXPERIMENTAL SETUP AND PROCEDURE
This section describes the procedure and tests conducted on
silicone-coated insulators at various contamination levels and
humidity.

A. SAMPLES
A silicone-coated insulator was selected for the tests in three
different conditions. The insulator used in the tests was model
U120KN, manufactured by Sediver, with a creepage distance
of 450 mm and a weight of 5.5 kg, as shown in Table 1.
The differences lie in the level of contamination and years
of use (aging). Fig. I(a) shows the first specimen, which is
a new and uncontaminated SiR insulator. Fig. I(b) shows the
second specimen, an insulator removed from a 500 kV line
with 3 years of service and cleaned in the laboratory. Fig. I(c)
shows the third specimen, an insulator exhibiting identical
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TABLE 1. Specifications of the Silicone-coated insulator used in the tests.

TABLE 2. Hydrophobicity.

characteristics to the removed insulator while retaining its
surface contamination for testing purposes.

To classify the hydrophobicity levels of these insulators,
the IEC 62073-2016 standard was used. This standard
evaluates hydrophobicity by measuring the response of
surface insulators briefly exposed to water. The standard
classifies hydrophobicity from HC1 to HC6. HC1 had the
highest hydrophobicity and HC6 the lowest. Fig. 2 shows
the hydrophobicity test results for the 3 selected insulators.
Table 2 lists the resulting hydrophobicity classes. Notably,
the new insulator and the old insulator that was cleaned both
present an HC1 class. Contaminated insulators have an HC2
class.

B. SET-UP
The three different insulators were tested inside an artificial
fog chamber. The chamber fog was designed according
to IEC 60507 to simulate the relative humidity conditions
inside the insulators. The chamber is shown in Fig. 3(a).
Fig. 3(b) shows the laboratory setup, which consisted of a
0.38/13.2 kV transformer controlled by a 380V single-phase
variac. Each insulator was suspended vertically inside the
artificial fog chamber and subjected to a voltage of 9 kV.
The leakage current flowing through the insulator and the
voltage across the pin-cap terminals were measured during
each test. The leakage current in each test is measured using a
10 [K�] shunt resistor connected in series with each
insulator. While the voltage is measured using a Pintek
DP40K voltage probe. The temperature and humidity inside
the chamber were also recorded with the SHT31 sensor.
Table 3 lists the tests performed. The tests were grouped
according to age and contamination status. Each insulator was
subjected to four tests with constant humidity levels of 60%,
80%, 90%, and 100%, respectively. Two additional tests were
performed with humidity levels between 60% and 100%,
respectively.

C. MEASURED ELECTRICAL CHARACTERISTICS
The leakage current and voltage were measured for each test
at a sampling frequency of 25 kHz. To maintain constant
humidity levels during each test, humidity sensors were
installed inside the chamber to provide feedback to the control
circuit to ensure the desired conditions. Subsequently, the

FIGURE 3. Laboratory set-up. (a) Real photography (b) Schematic design.

TABLE 3. Test in fog chamber for insulators.

various characteristics of the leakage current were extracted
using MATLAB software. The RMS value, peak value, and
3rd, 5th, 7th, 9th, and 11th-order harmonics are included.
Additionally, five indices were calculated as presented in the
literature. The calculated indices include the total harmonic
distortion (THD) of current and voltage [24], the ratio of the
3rd to 5th harmonic [25], the Rhi index [26], the phase shift
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FIGURE 4. Impedance for tests separated by humidity. (a) Impedance for
tests with RH = 60%. (b) Impedance for tests with RH = 80%.
(c) Impedance for tests with RH = 90%. (d) Impedance for tests with
RH = 100%.

of the leakage current relative to the voltage (PI) [25], and the
impedance magnitude calculation (RMS and odd harmonics)
of the insulator [23].

III. IMPEDANCE OF SILICONE-COATED INSULATORS
The impedance magnitude is defined as the ratio of the
voltage magnitude to the leakage current magnitude. Fig. 4
shows the RMS impedance magnitude of the insulator for
humidity conditions of (60%, 80%, 90%, and 100%). The
blue curve represents the new-clean insulator. The magenta
curve indicates the used-clean insulator. The red curve
represents the used-contaminated insulator.

Notably, the impedance of the new-clean insulator presents
a constant impedance value (57 M�) regardless of the humid-
ity level. This may be related to the highest hydrophobicity
class (HC1). Therefore, for new and clean insulators it
can be said that humidity does not affect the impedance
magnitude of the insulator. In the case of the used-clean
insulator, the impedance decreases (51 M� to 47 M�) as
the humidity increases ((60%) to (100%)). This implies that
the years of use of the insulator affect the impedance. The
magnitude of the impedance of the used-clean insulator
decreases with increasing humidity. In the used-contaminated
condition, the impedance values at (60%) humidity show a
magnitude of 42 M�, which is lower than the previous case
(51 M�). The values decrease to 33 M� when the humidity

reaches (100%). In Fig. 4(d), variations in the amplitude
of the RMS impedance can be observed among different
silicone-coated insulators. These fluctuations are caused by
the absorption and evaporation of humidity on the insulators
surface. This process leads to changes in the impedance RMS.

Finally, it can be stated that the impedance of
silicone-coated insulators decreases directly with aging and
surface contamination. These results suggest that impedance
can serve as a useful indicator for distinguishing between
aging and contamination in silicone-coated insulators. The
next section develops an SVM algorithm to identify the
condition of insulators in terms of aging and surface
contamination. The relevance of impedance as a distinctive
parameter for the condition assessment of silicon-coated
insulators was highlighted.

IV. MULTICLASS SVM
A supervised machine learning classification algorithm
called support vector machines (SVM) was applied [27].
SVM is considered one of the most commonly used
techniques for classification, prediction, and outlier detec-
tion [28]. An SVM facilitates binary classification and
can be extended for multiclass classification. Thus, in this
study, the insulator conditions (new-clean, used-clean, and
used-contaminated) were classified using a multiclass SVM.
Each models optimal hyperparameters (kernel, regularization
constant C, and 0) were determined using cross-validation
in Python. The proposed SVM classification process is
show in Fig. 5. The classification steps of the insulators
include (i) leakage current measurement, (ii) data processing,
(iii) data grouping, and (iv) application of the SVM and
output results.

A. MODELS
For SVM training, 70% of the data from each test were
assigned to training, and the remaining 30% were used for
validation. Linear and radial basis function (RBF) kernels
were used during the hyperparameter search in Python.
To evaluate and compare the performance of the models,
accuracy was calculated using the formula: accuracy =

[(TP + TN )/(TP + FN + TN + FP)] · 100, where TP (True
Positive), TN (True Negative), FN (False Negative), and FP
(False Positive) represent the classification outcomes.

1) K-FOLD CROSS VALIDATION
Cross-validation was employed to assess the generaliza-
tion capability of classification models across various
datasets [24]. This technique avoids over-adjustment and
ensures reliable performance. For example, in [29], cross-
validation is applied to train and validate a classification
model for insulator hydrophobicity using surface images.
The images were divided into five partitions (k = 5).
In [30], an algorithm was proposed to classify contamination
in ceramic insulators. They used cross-validation to train the
model and optimize the hyperparameters. Python libraries
suggest optimal partitions of k = 5 and k = 10.
A cross-validation algorithm with k = 5 was implemented
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FIGURE 5. General scheme of the proposed SVM-based classification model.

to tune and optimize the hyperparameters of the designed
models.

B. TRAINING AND VALIDATION OF CLASSIFICATION
MODELS
A dataset of 820,800 data points, obtained from 12 laboratory
tests, was used to train ten SVM classification models. These
models were developed to assess the aging and contamination
state of silicone-coated insulators. The first four models use
leakage current features. These include the RMS value, peak
value, total harmonic distortion, harmonics, and harmonic-
derived indices. Additionally, these models consider the
total RMS impedance of the insulator and the harmonic
impedances of the 3rd, 5th, 7th, 9th, and 11th orders. For
the six models that do not use impedance data, a subset of
518,400 data points from the original dataset was used. This
subset does not include RMS impedance values or harmonic
impedance data. Two of these six models without impedance
were configured as SVM cascades. The first cascade model
classifies aging, while the second classifies contamination.

Fig. 6 shows the development of these 10 models. The
twelve initial tests listed in Table 3 were used to generate the
models. 70% of the data from each test were used for training
the models, and the remaining 30% were used for validation.
The 70% leakage current parameters were calculated and
divided into two groups: with and without impedance.

The training data generated eight subsets labeled G1, G2,
G3, G4, G5, G6, G7, and G8. Subsets G1 and G5were used to
create Model 1 for data with impedance and Model 1 for data
without impedance, respectively. These models were trained
using tests 1, 2, 4, 5, 6, 8, 9, 10, and 12. For validation,
30% of the remaining data from these tests, along tests 3,
7, and 11, were used for G1 and G5, respectively. Similarly,
subsets G2 and G6 were used to create Model 2 for data
with impedance and Model 2 for data without impedance,
respectively. These models were trained using tests 1, 3, 4,
6, 8, 9, 10, and 12. For validation, 30% of the remaining data
from these tests, along tests 2, 5, 7, and 11, were used for

G2 and G6, respectively. Subsets G3 and G7 were used to
create Model 3 for data with impedance and Model 3 for data
without impedance, respectively. These models were trained
using tests 2, 5, 7, and 11. For validation, tests 1, 3, 4, 6,
8, 9, 10, and 12, along 30% of the training tests, were used
for G3 and G7, respectively. Subset G4 and G8 was used to
create Model 4 for data with impedance and Model 4 for
data without impedance, respectively. A random selection
of 500 data points per parameter from each test (1 to 12)
was used for training. The selected data points for the model
with impedance were different from those used for the model
without impedance. For validation, an additional 500 random
data points per parameter from each test (1 to 12), distinct
from those used in training, were selected. The validation data
for the model with impedance were also different from those
used for the model without impedance. Cross-validation was
applied to each model using the training subsets to optimize
hyperparameters and prevent overfitting.

Cascade Models 1 and 2 were trained with subsets G7 and
G8, respectively, along with their corresponding validation
subsets. Using the training and validation subsets, along
with cross-validation, a Python code was implemented that
provides the accuracy parameter of the SVM models.

Finally, Fig. 6 shows the accuracy of the 10 models
with validation data. It was noted that models incorporating
impedance information achieved accuracies between 80%
and 100%, with an average of 95%. This was achieved
without increasing the complexity and computational load
of the classifier training. Models that did not consider
impedance yielded an accuracy between 31% and 100%,
averaging 53%. However, the cascade model configuration
improved the accuracy by approximately 30%. Results
obtained with impedance values presented a substantial
advantage, showing an accuracy of over 80% for identifying
aging and contamination in silicone-coated insulators.

Moreover, Model 4 stands out for its high capability to
evaluate insulator conditions with 100% accuracy for cases
with and without impedance data. Its high performance
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FIGURE 6. Construction of SVM models with and without impedance.

is related to the small amount of data used for training
and validation, resulting in minimal variability between the
training and validation stages.

To assess the robustness of the classification models with
data and tests different from those used in training and
validation, the SVM models were tested with new tests and
humidity scenarios. This is discussed in the following section.

V. ROBUSTNESS OF THE CLASSIFICATION ALGORITHM
This section evaluates the 10 developed models using tests
that are different from those in the validation stage. In contrast
to the tests used in the training and validation stage, Tests
13 and 14 simulate conditions of humidity that are not
constant. Tests 13 and 14 simulate a humidity ramp from 60%
to 100% over 30 minutes for both the new-clean insulator and
the used-contaminated insulator.

Table 4 summarizes the accuracy results for all the
developed models. Notably, for Tests 13 and 14, Models 1,
2, 3 and 4 exhibited higher accuracy with impedance
parameters than the models without impedance. On average,
incorporating impedance increases the accuracy by 32%.
In test 13,Model 4 produced a 35% increase in accuracywhen
using RMS impedance and harmonics as input parameters.
Models with impedance achieved a maximum accuracy
of 99%. Conversely, implementing cascade SVM models
without impedance enhances classification accuracy for Tests
13 and 14 by up to 52% and 62%, respectively.

Model 4 for Test 14 was selected for graphical represen-
tation since its results exhibit variation in Table 4. Fig. 7
graphically illustrates the accuracy of the developed models.
Three states for classification were defined: State 1 for new-
clean insulators, State 2 for used-clean insulators, and State
3 for used-contaminated insulators. The dashed black line

TABLE 4. Comparison of the accuracy parameter for the results obtained
for each SVM classification model.

represents the actual state of the insulator during the test.
Models trained with impedance data are shown with a green
background, whereas models without impedance data are
shown with a yellow background. The red dots indicate the
classification result of the insulator state provided by the
SVM.

Fig. 7(a) shows the accuracy of Model 4 for Test 13.
It is observed that the model incorporating impedance shows
a significantly higher accuracy than the model without
impedance. The impedance-based classification achieved
an accuracy of 96%, whereas the non-impedance model
achieved an accuracy of 0%. Fig. 7(b) shows the accuracy
of Model 4 in Test 14. The impedance-based classification
achieved an accuracy of 23%, whereas the non-impedance
model achieved an accuracy of 58%. In this particulare case,
the non-impedance model demonstrated higher accuracy.
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FIGURE 7. Classification results for model 4 SVM. (a) Model 4 - Test 13.
(b) Model 4 - Test 14.

This was due to the high RMS currents recorded during Test
14 due to the sudden increase in chamber humidity (ramping
tests). Specifically, the RMS current magnitudes exceeded
0.3 mA in this test, whereas in other tests, the magnitudes
did not exceed 0.28 mA. To ensure model validity, tests
with constant humidity were used to maintain the training
conditions of the SVM model.

Model 4 showed preliminary limitations at higher current
levels. This is because Model 4 was trained on a small
data set (500 points), randomly selected per test, which
was insufficient to cover the full range of current levels for
Test 14. On the other hand, the models were trained on
data from constant humidity levels instead of tests 13 and
14, which showed a rapid increase in humidity from 60%
to 100%, causing a sudden increase in leakage current.
To ensure reliable performance, it is imperative that the newly
implemented laboratory tests match the controlled humidity
conditions used during model training.

VI. CONCLUSION
This study proposes a method to classify the condition of
silicone-coated insulators using a Support Vector Machine
(SVM) approach incorporating insulator impedance data.
The relevance of including both RMS impedance and
harmonic impedances in the training process of SVM
models for silicone-coated insulators was demonstrated.
The SVM model without impedance data achieved a

maximum accuracy of 65%, while the model incorporating
impedance data reached 99% during training. Furthermore,
the SVM model with impedance maintained an average
minimum accuracy of 80%, compared to only 31% for the
model without impedance. The proposed SVM approach
effectively distinguishes between new-clean, used-clean,
and used-contaminated states of silicone-coated insulators,
achieving a maximum accuracy of 99% in tests. It has
been demonstrated that the SVM models developed for the
identification of states in insulators exhibit sensitivity to
humidity conditions and the quantity of data utilized during
the training stage. To illustrate this, tests 13 and 14 were
incorporated to demonstrate that the accuracy of the models
reaches 23%whenModel 4 is employed, a model that utilizes
a limited number of points (500 data points) and is executed
under non-constant humidities.

Ultimately, the inclusion of RMS and harmonic impedance
data significantly improves the accuracy of SVM models,
allowing for a reliable assessment of the condition of silicone-
coated insulators.
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